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Abstract—Enterprise Resource Planning (ERP) systems play a
critical role in managing organizational assets and operations.
However, traditional ERP systems rely on static, rule-based
decision-making frameworks that lack the agility and intelligence
required for real-time strategic support. To address these
limitations, this study proposes an Adaptive Al-Driven Enterprise
Resource Planning (A2ERP). This Al-augmented ERP framework
integrates adaptive predictive models to enhance decision-making
capabilities at scale. The A2ERP architecture features a dynamic
data ingestion layer, an adaptive predictive engine utilizing online
learning and ensemble methods, and a decision support interface
empowered with explainable Al (XAIl). It is designed for
scalability through a containerized microservices architecture.
Experimental results demonstrate that A2ERP achieves a 98%
accuracy rate in both training and testing phases, effectively
identifying errors such as omission, addition, and overstatement.
Comparative evaluations show that A2ERP outperforms
traditional ERP methods across key performance metrics,
including precision, recall, and F1-score. The framework’s ability
to process large-scale, complex data in real-time underscores its
effectiveness in delivering timely strategic insights. A2ERP
represents a significant advancement toward scalable, adaptive,
and intelligent ERP systems, bridging the gap between operational
execution and strategic decision-making.
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I.  INTRODUCTION

Digital infrastructure of modern organizations relies on
Enterprise Resource Planning (ERP) systems. [1]. They are the
central nervous system to operate some important business
functions, such as finance and human resources, supply chain
logistics, and customer relations on the same digital platform.
Due to integration of these highly variegated modules [2]. ERP
systems have in the past made it possible to achieve better
efficiency, uniformity, and control in organizational processes
[3]. However, no matter how popular and functionally efficient
the conventional ERP systems might be, they are certain to be
rule-based and, therefore, limited in their nature since they
operate on the rule-based, fixed logic. These systems are fixed
in their workflow and decision tree logic, and hence they are
non-flexible and not able to keep up with real-time dynamics
and evolving business scenarios [4]. As organizations are
constantly met with a sophisticated and constantly evolving
environment full of market volatility, global supply chain mega-
disruption risks, and quickening digital transformation, the
reality that ERP systems could not (and cannot) keep up in real-
time has become a fatal flaw [5].

Availability of data and time sensitivity have been the
characteristic features of the current business landscape.
Businesses are constantly producing large flows of structured
and unstructured data on internal processes, interactions with
customers, 10T sensors, and external data sources [6]. The
strategic decision-making process within this type of
environment requires not only the availability of data, but also
the smart interpretation and prompt action. Sadly, the majority
of the ERP platforms do not prepare to satisfy this need [7]. The
traditional ERP systems are based on past information, fixed
reports, and scheduled updates, which make the decision-
making process slow and non-responsive [8]. They usually do
not have advanced analytics options and have minimal or no
support for predictive modeling and contextual intelligence.
Further, their modular nature is most often disjointed, and any
form of integration with more advanced tools of analytics is
typically piecemeal and in silos, which introduces operational
inefficiency and curtails a narrow ability to strategically align.
This has revealed a huge technological divide between the
potential of the existing ERP systems and the emerging needs of
the contemporary business.

The driving force behind this study is the fact that there is an
excessive gap that needs to be closed between the traditional
ERP features and functions and the strategic intelligence that is
demanded in high-paced business settings [9]. Although ERP
systems have long been successful in areas related to transaction
processing and workflow automation, the newly emerging
battlefield is to make these systems smart, self-learning systems
that can respond in real time to data. The importance of the work
is explained by the possibility to change the perception of ERP
systems, which are usually discussed as the passive storage of
operational data, to the proactive involvement in the strategic
decision-making process [10]. Incorporation of artificial
intelligence, notably adaptive and predictive learning models,
presents a game-changing possibility to improve the
responsiveness, accuracy, and efficiency of ERP-based
decisions [11].

The study reflects a technological and an organizational
imperative. Technological. It seeks to address shortcomings of
the static ERP models through integration of adaptive predictive
processing at the system architecture level. Organizationally, it
aims to equip decision-takers with insights that are not only
timely, but also explorable and operable. Through the
integration of continuous learning and on-demand data
processing, the suggested layout will help dynamically respond
to changing circumstances to allow organizations to act with
more agility, foresight, and strategic alignment. The paper
further acknowledges the need to have transparency in Al
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decisions, particularly in enterprise contexts, where
explainability is vital to user trust and acceptance [12]. In order
to mitigate these risks and achieve the mentioned objectives, the
proposed study introduces an extended framework, called
Adaptive Al-Driven ERP (A2ERP). This architecture aims to
deploy smart learning components at the heart of ERP solutions,
allowing them to ingest data in real-time, perform adaptive
predictive modeling, and decision-making accompanied by
Explainable Al (XAl). Fundamentally, A2ERP presents a new
adaptive predictive engine, which could constantly refresh its
models using online learning algorithms, and make adjustments
to respond to new data as it comes, without requiring re-training
ex-novo. The framework can improve the robustness and
accuracy of its predictions in different ERP modules through
ensemble learning techniques.

A. Research Significance

The study is relevant in that it fills a serious gap in the
conventional ERP systems, which is the inability to sustain real-
time, adjustive, and strategic decision making. With businesses
creating and depending on huge amounts of data, the static, rule-
based ERP systems are inadequate in reacting to the changing
operational environments and market environments. The
A2ERP framework proposed creates a paradigm shift due to the
combination of adaptive predictive modeling, explainable Al,
and scalable microservices. Its ability to learn continuously and
process data in real-time enables organizations to spot trends,
detect anomalies detection and make proactive strategic
decisions. The study therefore seals a critical technology gap
that exists between the traditional features of ERP systems and
the current requirements of the enterprise to respond swiftly to
business uncertainties. The research helps bring the much-
needed evolution in ERP systems by making them smarter in
terms of providing advice and guidance to the enterprise, by
virtue of being a smart decision-support ecosystem, as opposed
to being a transactional system. The flexibility of the framework
in combination with its flexibility across industries also makes
it quite applicable and hence a worthy development in the realms
of intelligent business process management.

B. Research Motivation

This research is motivated by the increasing mismatch
between the real-time requirements of current business ventures
and the non-real-time functionality of traditional ERP systems.
Current ERP systems are non-adaptive and do not use real-time
data in making high-level decisions. As the data becomes more
complex and organizations require quick, data-informed
decisions, it will be necessary to implement Al into ERP
systems. The motive behind this research is to enable ERP
systems to keep up with changes in business environments by
empowering them with adaptive learning. The AZ2ERP
framework is developed to bring this change to provide
proactive, smart, and scalable enterprise management solutions.

C. Key Contributions

1) An Al-augmented ERP framework integrating adaptive
predictive models for strategic decision support on a real-time
basis has been developed.
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2) A data ingestion and processing layer has been created,
associating real-time, scalable analysis of the enterprise
operations.

3) Utilizing machine learning, one can forecast trends,
detect anomalies, and optimize decision-making within ERP
modules.

4) Testing was performed with structured ERP schema data
to provide a quantitative analysis for improvement in terms of
scalability, accuracy, and strategic responsiveness.

The rest of the sections of this study are ordered as follows:
Section 1 gives review of the existing literature Al-augmented
enterprise resource planning with adaptive predictive models for
scalable, real-time strategic decision support. Section 11 details
the proposed research methodology. Section IV presents the
experimental results. Section V discuss and concludes the study.

Il. LITERATURE REVIEW

A. Introduction and Background of ERP Systems

Enterprise Resource Planning systems have transformed
greatly over the past few decades, which saw them move away
from standalone monolithic legacy systems to more agile cloud-
based and integrated platforms [13]. Early ERP systems had it
in them to automate back-office functions and to put business
processes in a central database. But they were rigid, expensive
to maintain, and did not do a great job of talking to different parts
of the organization.

1) Evolution of ERP architecture and cloud integration:
With the advance of the internet and distributed computing,
ERPs have gradually moved to cloud architectures, which in
turn enabled greater scale, remote access, and smooth
integration with third-party apps [14]. This shift saw businesses
adopt modular ERPs, which are tailored to specific functions
such as finance, supply chain, customer relations, and human
resources, which in turn improved operational efficiency and
user flexibility.

2) Incorporation of Al into ERP systems: At the same time,
it saw the introduction of Al into ERPs, which is transforming
them by adding intelligent elements like demand forecasting,
anomaly detection, predictive maintenance, and process
automation [15]. Al models are now used to analyze historical
data, to find out what’s in it that is not visible, and to automate
routine tasks, thus reducing human input and improving
decision accuracy. However, it is important to note that while it
has seen progress, Al in ERPs is still in the early stages in both
scope and depth.

3) Limitations of current Al in ERP: Most current use is of
static models, which are trained on historical data and do not
adapt well to new info in real time. Also, these models do not
scale well with large data sets, which is common in enterprise
settings, and do not support strategic decision making [16].
Also, it shows that Al in present ERPs is very much in silos and
not very much a part of the core ERP architecture, which in turn
limits their role in taking up high-level business decisions
across modules. Furthermore, there is a gap in the deployment
of Al for real-time analysis and decision support, which is a
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must in business settings that are dynamic and require quick
response to trend changes, market shifts, or ops disruption [17].

4) Data complexity and structural challenges: Also,
present solutions do not take into account the complex
relationships between ERP modules and database tables, which
leads to data issues and suboptimal results when changes are
made without looking at the whole picture. These issues point
to the need for a more integrated and adaptive approach that
fully uses Al to improve ERP function [18].

5) Motivation for the proposed framework: A truly smart
ERP system goes beyond automation and prediction to become
a strategic tool that supports real-time data-driven decisions
across all business areas. This study presents a new, scalable,
and adaptive Al-enhanced ERP framework that addresses
present model flaws and supports strategic agility [19].

B. Research Gap

ERP systems presently rely on static machine learning
models and fragmented Al integration; they cannot provide real-
time, adaptive, and strategic decision support. Usually, Al
features are not completely built into ERP architecture. Thus,
cross-module cooperation toward strategic impact may be
limited. Furthermore, it seems like there is very little research
regarding the impacts of database dependencies upon the
scalability and maintainability of intelligent ERP systems. This
demands a unified Al-assisted ERP framework enabling real-
time continuous learning and programmatic integration, set out
for strategic decision-making.
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Ill. RESEARCH METHODOLOGY

The A2ERP approach targets embedding adaptive predictive
models into ERP structures to facilitate real-time decision-
making. Its approach includes system training using publicly
available simulation data sets of ERP or artificially created
synthetic data [20]. It has a dynamic layer of data ingestion to
ingest data in a continuous process, an integrated adaptive
predictive engine using online learning algorithms, and
explainable Al-based insights embedded within a decision-
support interface [21]. Model training is employed to predict,
identify anomalies, and optimize features for enhancing
adaptive and efficient decision-making support.

Although online learning and ensemble models are
individual aspects of implementations in machine learning, the
innovative nature of A2ERP is that its three aspects combine
more precisely than that of real-time data ingestion, Explainable
Al (XAl), and microservice-based scalability with the
specificities of ERP settings. This is in contrast to the other
systems, which utilize Al in a single module of the ERP, such
that A2ERP deploys an adaptive and comprehensive structure of
decision-support that can learn with the data of the operations.
The strategic input of the study lies in a practical aspect of
complexity of continuous learning, anomaly detection, and
interpretability implemented in a dynamic, scale-up ERP
system, a gap that has not been adequately tackled in the
literature yet.

Data collection —»  Data pre-processing —®» Dynamic data ingestion —p» Deczﬂtc:;fztézpon
Adaptive predictive
. -
engine

: v k.
: : : Ensemble
Online learning Explainable Al

Fig. 1. Overall workflow.

Fig. 1 shows the methodological scheme of the suggested
A2ERP framework. It starts with the stage of data collection
about different ERP modules and continues with the stage of
data pre-processing, where missing values, different scales, and
outliers should be managed. This cleaned data gets into the
dynamic data ingestion layer, which takes input in real time and
streams it into the adaptive predictive engine. The latter is a
central engine that incorporates three essential elements, namely
online learning to continuously update the model, ensemble
methods to combine the predictions of many models, and
Explainable Al (XAl) to ensure the transparency and
interpretability of insights. The refined results are channeled to
the decision support interface, wherein strategic suggestions are
graphically represented and served to the enterprise consumers.
Relevant decision context is also fed back to the adaptive engine

through the interface to be refined. The architecture allows
A2ERP to perform with real-time responsiveness, high
prediction accuracy, and strategic agility, and therefore it fits
well into the dynamic and large-scale ERP scenes.

A. Data Collection

The process of collecting data for the A2ERP model includes
extracting publicly available ERP simulation data as well as
mock data mimicking real business operations from Kaggle
[22]. Such data types include transactional data, sensor data, and
user logs with broad extent in ERP modules such as finance,
supply chain, human resources, and customer relationship
management. Examples of these datasets include DataCo and
Odoo logs that are to be utilized for emulating varied ERP
scenarios. The harvested data will be streamed into the system
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in real time through a dynamic data ingestion layer, promoting
real-time processing and flexibility. This rich data is used to fuel
the adaptive predictive engine, which allows the framework to
make predictions, identify anomalies, and allocate resources for
optimum purpose based on real-time and dynamic business
situations.

B. Data Pre-Processing

1) Missing data handling: Missing values are common in
economic datasets due to reporting lags or incomplete data. To
solve this, the Mean Imputation method is used, where missing
values are represented by the average value of the respective
column of available data. Mean imputation is a formula for
imputation, which is in Eq. (1):

Xnew = % §V=1Xi (1)

2) Data normalization: Fixed scale against which all the
data is compared. Raw data is normalized by means of Min-
Max Scaling. This method rescales the data into a variable that
ranges from 0 to 1 to prevent some features from overpowering
the others due to huge numeric values. The formula is in Eq.
(2):

X— Xmin

)

3) Outlier detection and removal: Outliers in this data
might mislead decisions made by the use of the data, and
therefore, the Interquartile Range Method is employed to
identify and exclude them. The IQR is calculated as Eq. (3):

IQR = Q3 — Q1 ©)

With these preprocessing steps, we have ensured that our
data is clean, consistent, regularized, and decent, thereby being
wholly appropriate for the use of enterprise resource planning
with adaptive predictive models for scalable, real-time strategic
decision support.

X =
scaled X
Xmax— Xmin

C. Al-Augmented Enterprise Resource Planning with
Adaptive Predictive Models

1) Dynamic data ingestion layer: The A2ERP framework
incorporates a dynamic data ingestion layer that ensures
seamless, real-time data streaming from a variety of sources,
such as transactional databases, sensor readings, and user
activity logs. By using continuous streams of data rather than
batches or by manual enrichment, the systems stay responsive
to changes in business events. The dynamic ingestion layer is
necessary for the information to be current, enabling the
predictive models to adjust in real-time as conditions change.
As data is being created, this layer combs through the
information, enabling the system to respond swiftly to changes
in the operational or market' dynamics, thereby improving the
accuracy of predictions and timeliness of decision-making.

2) Adaptive predictive engine: At the heart of the A2ERP
framework is the adaptive predictive engine, designed to
continuously update its models based on incoming data using
online learning techniques. This engine combines novel
ensemble learning techniques akin to online random forests and
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streaming XGBoost for predicting futures, detecting anomalies,
and optimizing resource allocations. The learning online
method ensures that the model remains adaptable and learn
time-evolving, more accurate predictions as it finds new data.
This real-time adjustment for the engine will be able to handle
large-scale datasets, and reactions to the changes on the
business market without obligatory retraining a new making it
a capable tool for efficient decision-making with dynamics and
operational efficiency.

3) Decision support interface: The A2ERP framework
integrates the outputs of the adaptive predictive engine into a
decision support interface that provides visual analytics and
strategic recommendations backed by Explainable Al. This
interface provides insights about Robin Spier's trends,
forecasts, and opportunities to make wise and effective business
decisions. Using XAI, the system provides transparent
recommendations, so users know the reason behind each
proposal. Transparency in Al systems instills confidence in the
system and boosts the quality of decisions by supplying clear,
understandable reviews for polls and strategies produced by Al
models.

4) Scalability layer: The scalability layer of the A2ERP
framework ensures that the system can scale efficiently as data
volumes and complexity increase. Orchestrated with
Kubernetes and designed in a containerized microservices
architecture, the framework leverages Apache Kafka real-time
data streaming. This architecture also permits the system to
manage a large data volume from different ERP modules with
high performance and responsiveness. Scaling up or down
according to the changing workloads could be easily done by
using Kubernetes, and Apache Kafka makes sure that all the
data is delivered in real time in streaming without any dilemma.
This render engine allows the A2ERP framework to maintain
robustness and ability to handle multi-departmental large scale
operations of a larger business activity, providing reliable
performance even under heavy loads of data. It also has a
modular design that assures smooth integration to cloud
platforms, maximizes fault tolerance, and minimizes
downtimes, which makes it perfectly suitable to mission-critical
enterprise environments where high levels of data availability
are needed and where decisions are time-sensitive and have to
be continuously made. It also facilitates automatic load
balancing, frictionless component orchestration, and dynamic
scaling policies, which allow the system to achieve the various
requirements of the organization without interfering with the
performance and stability.

Fig. 2 illustrates the overall process of the A2 ERP
framework combines real-time data ingestion, adaptive
predictive modeling, strategic decision support, and scalable
infrastructure to boost the performance level of the ERP system.
The process starts with the dynamic data ingestion tier, which is
often moving data from different sources such as transactional
databases, sensors, and user activity logs. Real-time data is input
directly to the adaptive predictive engine -- a flexible engine that
fits the needs of various industries by using online learning to
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adaptively and continuously update its models, predicting future
trends, identifying anomalies, and allocating resources more
effectively. The results from the predictive engine are then
woven into a user-friendly decision support interface that gives
decision-makers visual analytics and explainable Al-
recommended insights. In the end, the scalability layer provides
the possibility to work with large sets of data and to scale well
by usage of the containerized microservices, real-time data

Vol. 16, No. 7, 2025

stream, and so on. It also integrates auto-scaling features,
intelligent load balancing, and fault-tolerance systems, thus
allowing high availability, performance consistency and very
less downtime even in cases when it faces the peak of
operational loads. These features, combined, allow the A2ERP
framework to offer adaptive, real-time strategic decision support
that is responsive, correct, and flexible, it satisfies the needs of
the modern enterprise Systems.

Real-Time Decision Support System Process

Dynamic Data

Data Collection Ingestion
Extracting and generating ERP Streaming real-time data into
data the pipeline

Data Preprocessing

Handling missing values and
normalizing data

Adaptive Predictive
Engine

Applying online learning

End-to-End Decision
Support

Decision Support
Interface

Visualizing results and
generating recommendations

Delivering actionable insights
for dynamic decisions

Scalability Layer

Ensuring scalability across ERP
modules

models for predictions

Fig. 2. Workflow of A2 ERP framework.

The mathematics of the A2ERP framework is determined
with respect to the core principles of adaptive learning, ensemble
prediction, anomaly detection and assessment of decision
confidence. The end-to-end impact of these equations is that the
framework can handle real-time enterprise data, flexibly revise
the models and enable precise and interpretable choices at scale.
The online learning update rule is a provision that ensures that
the predictive engine continues to learn on fresh input without
re-training it. Bagging/Ensemble aggregation Robustness is
improved through the combination of numerous model outputs.
The anomaly scoring helps to highlight any inconsistencies in
the data and the measure of confidence in the decisions made
determines whether the predictions are good to be used or
human verification needs to be done. Adaptive online learning
update is given in Eq. (4).

Ors1 = 0 =MV (0,xe, yit) (4)

This equation is online gradient descent to update the model
weights theta. Based on the new data point (x;, y;), the gradient
of loss leads the model to adjust fast to the varying
circumstances of the enterprise. It guarantees on-line studies in
dynamic ERP surroundings that shape the core of the
adaptiveness of A2ERP. Ensemble prediction aggregation is
given in Eq. (5).

Y =X widi )
In this case, the weight factors w; used to combine
predictions of several learners ¥;. By using weighted ensemble,

this prediction stability and accuracy are improved with the
usage of multiple models such as online random forests and

streaming in the decision scenario of ERP, which is needed to
be robust against uncertainty. Anomaly score calculation is
given in Eq. (6).

I GOl
Ay == ©)

Anomaly detection in A2ERP uses this Z-score-based
metric, where f(x) is the model prediction, p is the expected
mean, and o is the standard deviation. If A, exceeds a
threshold, the instance is flagged. This supports automated
correction of omissions or overstatements in ERP entries.
Decision confidence threshold is given in Eq. (7).

¢ ="%P(ilx) ()

This equation calculates the confidence of a decision. If the
maximum class probability exceeds a predefined threshold, the
decision is auto-accepted; otherwise, it’s passed for human
review.

Fig. 3 shows the flowchart of the methodology of the
suggested Adaptive Al-Driven ERP (A2ERP) framework. It
starts with the dynamic data ingestion followed by adaptive
predictive processing. Its predictive engine uses online learning,
ensemble techniques, and explainable artificial intelligence to
improve accuracy and explainability. These elements operate
simultaneously to assess the requirement of strategic decisions.
In case a valid decision is established, the results are channeled
to the decision support interface where actionable information is
displayed. In this flowchart the combination of real time
processing with intelligent learning to enable scalable and
strategic operations of ERP in dynamically changing enterprise
environments is noted.
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Dynamic data ingestion

Adaptive predictive

engine

Ensemble
methods

Decision support
interface

v

Fig. 3. Flowchart of the proposed A2ERP framework.

In order to enhance the predictive capacity and flexibility of
the A2ERP framework a hybrid learning mechanism has been
implemented in the predictive engine. The hybrid method is an
online learning algorithm which is integrated with an ensemble
tool like bagging and boosting. The system can be dynamic
because of changing the model, and the system can be
responsive in real time through online learning. Ensemble
techniques are robust predictors since they combine the outputs
of several base learners hence eliminating overfitting and the
stability of the predictor. This mixed approach enables A2ERP
to ensure a high level of accuracy within dynamic environments
in a company, which is far much better as compared to the ERPs
that have been either fixed or single-paradigm.

Algorithm 1: A2ERP Framework Algorithm

Step 1: Data Collection
e  Collect ERP data from modules

e Include real-time and historical data

Step 2: Preprocessing

e Check for missing values
If yes, apply mean imputation

e  Normalize using Min-Max scaling

e Detect outliers using IQR
If outliers found, remove them

o If data is clean, continue

Else, send alert
Step 3: Data Ingestion

e  Stream data into system
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e  Check data rate
If high, trigger load balancing
Else, continue normal flow

Step 4: Predictive Engine
e  Feed data to adaptive engine
e Apply online learning
e  Use ensemble models

e Check prediction error

o If high, update models
Else, proceed

e Step 5: Decision Support

e  Generate insights

e  Use XA for explanations

e Check confidence
If low, ask human review
Else, show results

Step 6: Output and Feedback

e  Display results on dashboard

e Loguser feedback

o If feedback available, update model

Else, continue inference

The proposed algorithm of the A2ERP framework provides
a systematic procedure of ERP system improvement with the
help of adaptive Al methods. The first step is the gathering and
preprocessing of real-time and historical enterprise data, where
the quality of the data is ensured by imputation, normalization,
and the elimination of outliers. Through a dynamic ingestion
layer, the cleaned data is Streamed into the system. The data is
then run through an adaptive predictive engine that uses online
learning and ensemble techniques to make trend predictions and
anomaly detection. Explainable Al components enhance
transparency in the model’s recommendations. Based on a
decision threshold, insights are either validated or forwarded to
a decision support interface for strategic action.

IVV. RESULT AND DISCUSSIONS

Results shows the empirical trial of the suggested A2ERP
structure, its forecasting execution, adjusting and strategic
decision-making proficiency. The model has been trained and
tested on both the simulated and real-life ERP data covering a
wide range of modules inclusive of the finance, supply chain,
and HR. The main performance measures accuracy, precision,
recall, and Fl-score were used to compare A2ERP with the
conventional methods, including the rule-based system, linear
regression, and decision tree. Also, the trends of training and
testing epoch by epoch were observed to evaluate the
convergence and generalization of the model. The findings
prove the effectiveness, precision, and real-time capability of the
A2ERP framework in the complicated enterprise conditions.
The A2ERP performance also makes it flexible in such dynamic
business conditions where it is able to show steady performance
gains and higher convergence rates than traditional models in a
wide range of ERP functional datasets and conditions.
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A. Training and Testing Accuracy and Loss

Fig.4 shows the model's 10-epoch (s) training and testing
performances, showing how the training and testing accuracy
continuously improve and the loss diminishes, respectively.
Beginning with initial corrections of 75% of training accuracy,
74% of testing accuracy in first voice of training the model has
improved consistently, training and testing accuracy both

Accuracy Over Epochs
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becoming 98% by voice of tenth. The associated training and
testing loss as well also come down along, when training loss
comes down from 0.50 to 0.18, testing loss declines from 0.52
to 0.18, resulting in better model fitting and generalization.
These statistics show that the model gets more proficient at
predicting target variables as it receives instructions of data, and
arrives at a top-notch result with very little error with the
conclusion of the training process.

Loss Over Epochs

—e— Training Accuracy
—e— Testing Accuracy

0.90 1

0.85

Accuracy (%)

0754

Loss

—e— Training Loss
—— Testing Loss

0.50 4

0.45 4

0.40 1

0.35 4

0.25 4

0.20 4

2 3 6 8 10
Epochs

Epochs

Fig. 4. Training and testing accuracy and loss.

B. Comparison Assessment

Fig. 5 illustrates a comparative performance analysis
between the proposed A2ERP framework and three traditional
approaches: rule-based systems, linear regression, and decision
trees. The A2ERP model achieves a remarkable 98% accuracy,
far surpassing the alternatives. This highlights the impact of
integrating adaptive learning, ensemble models, and real-time
data processing into ERP systems. The visualization supports
the study’s claim that A2ERP is not only more accurate but also
more reliable for complex enterprise environments. It visually
affirms the framework’s ability to outperform static models,
enabling strategic, data-driven decision-making with enhanced
precision across ERP functions.

Model Accuracy Comparison
1.00

0.95 4

0.90 4

0.85 7

Accuracy

0.80 4

0.75 4

0.70 -
Mg_ﬂ? on ree

sed jon
ane®? e ecs

L\nea(
Method

Fig. 5. Comparative performance analysis.

Moreover, the graph shows that A2ERP works equally well
under different throughputs and workloads and underlines its
scalability and stability. As contrasted to alternative models,
A2ERP becomes rather dynamic and can guarantee the best
results in case of the varying workloads and multi-source
enterprise data streams. they were able to ensure flawless
operation, live adaptability, low latency and accuracy of
production across all operational environments provided it is
highly volatile and data intensive.

Confusion Matrix
5.0

Negative
1
—

-3.0

Actual

-2.5

-2.0

Positive

-15

-10

Positive

i
Negative
Predicted

Fig. 6. Confusion matrix heatmap.
Fig. 6 shows the confusion matrix heatmap provides a
comprehensive view of the classification results generated by

the A2ERP model. It displays true positives, true negatives, false
positives, and false negatives, allowing a deeper understanding
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of the model’s prediction quality. A dominant diagonal in the
heatmap indicates high classification accuracy, affirming the
model’s effectiveness in real-time decision-making scenarios.
This visualization is vital in assessing how well the system
detects critical ERP outcomes such as errors of omission,
misstatements, or overstatements. It also supports model
evaluation beyond accuracy by giving insights into specific
strengths and weaknesses of prediction performance.

Besides proving that the model has high accuracy, the
confusion matrix indicates that the model has balanced
performance accurately in all the classes and has reduced any
form of bias associated with a certain category. This trade off is
essential where there is a possibility of enterprise applications,
since wrong classification would result in expensive decision or
inefficient operations. Threshold tuning and optimization also
occurs with the help of the matrix where the false positive or
false negatives are most likely to occur. These kinds of insights
can help the stakeholders to economize the model parameters.

Feature Importance in Predictive Engine
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Fig. 7. Feature importance.

Fig. 7 showcases the influence of different ERP features—
such as inventory level, delivery time, demand forecast, and
return rate—on the decision-making process of the A2ERP
model. The height of each bar represents the relative
contribution of each attribute to the predictive outcome. This
visualization is especially useful for interpretability and
transparency, aligning with the Explainable Al (XAl)
component of the framework. By identifying which variables
impact decisions most, stakeholders can better understand
system behavior and optimize these operational areas. The chart
ultimately aids in aligning Al-driven insights with real-world
ERP priorities and strategic goals.

ROC curve is used to assess (Fig. 8) the discriminatory
power of the A2ERP model by testing the true positive rate
verses the false positive rate at varying thresholds. AUC (Area
Under Curve) is a measure of the discrimination ability of the
model- the higher the value the better the model performance.
The visualization plays a critical role in interpreting the degree
to which the A2ERP system distinguishes between the correct
and incorrect classification, especially in real-time anomaly
detection decision and resource allocation decision. This curve
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ensures that curve builds confidence in the strength of the
predictive engine and its capacity to make a trustworthy decision
to different classification thresholds in different modules of an
enterprise system.

Receiver Operating Characteristic (ROC)
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Fig. 8. ROC curve.
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Fig. 9. Feature correlation heatmap.

Fig. 9 shows feature correlation heatmap gives the
information about the correlation between different ERP
features, including inventory, sales, forecast, and returns. The
visualization is used to detect multicollinearity or feature
dependency, which can be vital when training and interpreting a
model. Within the framework of A2ERP, the insight into the
inter-feature correlation allows us to assist the creation of
cleaner models and more reliable predictions. It also helps the
business analysts to identify latent relations among operational
factors thereby enhancing model explainability and model
strategic advice. It is an important component of preprocessing
data and validation of models adaptive predictive engine.
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Feature Contribution (SHAP-like)
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Fig. 10. SHapley additive explanations.

Fig. 10 is an approximation of SHAP (SHapley Additive
exPlanations) values, which demonstrate how much each ERP
feature contributes to the predictions of the model relatively.
Such features as forecast or inventory levels are ordered by their
impact on the decision output. Such a visualization increases the
interpretability, as a user can see why a certain prediction is
made. Under the A2ERP framework, it corresponds to the
Explainable Al module, which enables stakeholders to trust and
follow through with model recommendations. The figure is core
in aiding a transparent high-stakes decision-making process
more so in areas where the accuracy of the ERP matters most.

Latency Comparison Across ERP Systems
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Fig. 11. Processing latency of A2ERP.

Fig. 11 compares the processing latency of A2ERP against
traditional ERP models like rule-based systems and decision
trees. A2ERP shows significantly reduced response times due to
its use of online learning and microservices. The visualization
demonstrates the framework’s real-time capabilities, crucial for
rapid strategic decision-making in dynamic enterprise settings.
It highlights how A2ERP can support time-sensitive business
processes such as inventory dispatching, financial tracking, or
HR actions, ensuring minimal delay between data input and
decision output. The chart reinforces A2ERP’s advantage in
speed-critical operational environments.
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Resource Utilization of A2ERP Modules
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Fig. 12. Resource utilization.

Fig. 12 shows the CPU and memory usage of different
components of the A2ERP framework, including data ingestion,
predictive engine, Explainable Al, and the decision support
interface. It provides insight into the computational efficiency
and scalability of each module. The visualization supports
architectural decisions such as container scaling and resource
optimization. In ERP environments with high transaction
volumes, this plot helps justify the deployment of A2ERP in
real-time settings. It validates that the system maintains
efficiency even under load, making it practical for enterprise-
wide implementation.

Table | and Fig. 13 compares the performance of the
proposed A2ERP framework with three traditional methods
rule-based systems, linear regression, and decision trees across
four evaluation metrics: accuracy, precision, recall, and F1-
score. The proposed A2ERP framework presents very good
performance, i.e. 98% for accuracy, precision, recall, and F1-
score, actually very effective in terms of prediction and
classification.

TABLE I. COMPARISON ASSESSMENT
Method Accuracy | Precision | Recall SFl'
core
Proposed A2ERP 0.98 0.98 0.98 0.98
Rule-Based [23] 0.85 0.80 0.76 0.78
Linear Regression [24] | 0.78 0.75 0.72 0.73
Decision Tree [25] 0.82 0.78 0.75 0.76

However, the rule-based approach performs worse, with an
accuracy of 85%, precision of 80%, recall of 76%, and F1-score
of 78%. The linear regression method does the worst, having
accuracy at 78%, precision at 75%, recall at 72% and an F1-
score of 73%. The classification of the decision tree method is
comparable with a moderate result of 82% accuracy, 78%
precision, 75% recall, and 76% F1-score. This comparison
clearly shows the advantage of the A2ERP framework over
legacy method across all metrics demonstrating its ability to
manage high complexity, adaptivity and low latency in real time
decision making. These results underscore A2ERP’s superior
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capability in handling intricate data patterns and cross-
functional dependencies, making it a more robust and intelligent
solution for modern enterprise resource planning challenges.

Comparison Assessment
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Fig. 13. Comparison assessment.

C. Discussion

The results from both tables show A2ERP's performance
dominates those obtain by traditional approach. The first table
shows constant increments in training and testing accuracy
reaching 98% by epoch 10, with decreasing loss, indicating good
learning, and strong generalization. The second table establishes
the performance of A2ERP with reference to rule-based
systems, linear and decision tree. This highlights A2ERP's
adaptive predictive modeling, real time data ingestion, and
ensemble learning techniques, and as a result is more powerful
and scalable as a solution for enterprise resource planning. The
enhanced metrics indicate that A2ERP framework embodies the
potential for more precise, efficient, and strategically sound
decision support than traditional static systems, addressing
deficiencies in dealing with intricate, as it happens business data.
In general, claims A2ERP to take ERP systems beyond by
providing adaptive, Al-based decision-making at scale.

In spite of the good results provided in A2ERP framework,
it is important to have a number of limitations identified. This
model is quite sensitive to the quality, volume and consistency
of the input data which can be different between organizations
and industries. Online learning algorithms will fail to perform
well in the case of noisy or incomplete data. Moreover, although
the combination of Explainable Al (XAl) provides an improved
picture of interpretability, the pathways of complex decisions
are hard to conceive in high-dimensional ERP settings. Lastly,
use of A2ERP in legacy ERP systems might come at an
overhead integration since the information schema is
heterogeneous and the infrastructure constraint.

V. CONCLUSION AND FUTURE WORKS

The suggested A2ERP system shows that there has been a
great leap forward in the area of combining predictive modeling
using Al with Enterprise Resource Planning (ERP) in real-time
mode. The framework sufficiently meets the large-scale,
adaptive intelligence requirements of the modern complex
business environments by integrating adaptive intelligence into

Vol. 16, No. 7, 2025

the mainstream ERP functionalities. A2ERP is positioned to be
a highly agile, responsive and intelligent solution as opposed to
the traditional ERP models, which are rule-based and therefore
operate in a static manner. It is scalable to growing datasets and
varying organizational backgrounds and thus fits well as a
replacement or enhancement of legacy systems experiencing
inflexibility and difficulty in being strategic. A2ERP real-time
adaptability and its capacity to sustain proactive data-driven
decision-making makes it a revolutionary instrument in the
contemporary business.

Although the simulation results provided are strong there are
limitations to the present work as it is impossible to access real-
time enterprise data, and deploy a live system. The model has
neither been validated on different ERP platforms nor has it been
subject to high frequency decision cycle stress testing that could
test the generality in dynamic business environment.

The future extensions of the framework will involve
optimisation of the adaptive predictive engine, the use of more
sophisticated ensemble learning, and testing on performance on
different industry wverticals. Trust and transparency of the
decisions made will be further enhanced by expanding the
decision support interface with additional visual analytic
richness and more rigorous Explainable Al (XAI) elements.
Furthermore, incorporation of a learning feedback loop will
provide the ability of the system to self-optimize itself in
accordance with the real-life interaction with the users and
operating results. The exploration of A2ERP implementation in
the live ERP settings, will be instrumental in the investigation of
domain-specific usages and the optimization of its flexibility. By
making these enhancements, A2ERP will help organizations to
have a smart, flexible, and clear decision-making platform and
thus help drive the further transformation of ERP systems into
fully Al-enhanced strategic centers of enterprise development.

The next step will be to apply A2ERP to live ERP
implementation to test its performance on dynamic business
environment. Moreover, keeping the elements of reinforcement
learning in the adaptive engine would positively supplement the
uncertainty-constrained  decision-making  process.  The
expansion of the framework to process the external data sources
like the 10T feeds or live markets updates can also be a possible
area of improvement. The last process is that the explainability
features must be refined further in accordance with end-user
profiles and corporate task areas.
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