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Abstract—Delayed supplier deliveries or supply chain
disruptions can cause production problems and lead to financial
loss. If supply chain leaders can predict these disruptions rather
than react to them (reactive firefighting), it will help avoid
losses. 88% of organizations are experiencing these delays, and
60% of them have significant revenue loss (>15%) as a result.
Traditional ERP systems provide historical data that can
support retrospective reporting, but this may not be useful
enough to predict supply chain delays. This paper proposes a
proactive Al/MLdriven predictive model that can analyse
historical Purchase Order (PO) data to identify high-risk orders
before they are delayed. This early warning of supply chain
delays helps reduce stockouts, improves on-time delivery rates,
and provides data-driven decision support for procurement
teams. In this paper, Al techniques such as machine learning
and predictive analysis are used to analyse historical PO data,
train and tune predictive models, and facilitate deployment. It
portrays a new architecture that embodies Al capabilities within
existing ERP frameworks, with a specific emphasis on modular
adaptability and scalability. This research concludes with a
discussion of challenges and limitations, and further directions
toward the smooth adoption of Al in enterprise environments.

Keywords—Material Master (MM); Enterprise Resource
Planning (ERP); Machine Learning Operations (MLOps);
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L INTRODUCTION

In ERP, Sourcing and Procurement (Materials
Management) is a key module for a day-to-day business of an
organization's acquisition of goods and services [2]. Purchase
Order processing starts with requisition, approval, PO
Creation, Acknowledgement, Advanced Shipment Notice,
Goods receipt, and Invoice Payment. PO is a formal
agreement between buyer and vendor. This process is such an
important as inefficient PO process directly impacts cost
management, supplier relationships, inventory levels [2].

PO process often suffer with challenges, notably vendor
delays and supply chain disruptions. These issues can occur
due to supplier production problems, logistics bottlenecks, or
geopolitical instability or natural disasters. Organizations
often acted after the incident occur. Such as a reactive
firefighter approach. The consequences of such issues can
cause an increase in operational cost, or unable to meet the
market demand, or production halts or could be a worsen like
reputation damage.

Traditional ERP cannot provide a more proactive and

predictive analysis on the future events. It uses a valuable
historical data for analysis but provides input only on vendor
performance based on the past transactions. ERP Sourcing
and Procurement has such a limitation that it cannot predict
the future disruptions. This is an opportunity where Al can
support using such a vast ERP dataset to perform
sophisticated predictive analysis that includes historical PO
data, Vendor performance metrics, lead times, and even
external indicators such as economical, or natural weather
patterns. Machine Learning models if we can train help
identify patterns and correlations that are beyond human
visibility to predict potential vendor delays and supply chain
disruptions with high accuracy. This predictive capability
helps procurement teams to get ready for any kind of
mitigation risks.
The application of Artificial Intelligence (AI) and Machine
Learning (ML) based predictive analytics in Enterprise
Resource Planning (ERP) systems delivers significant
operational benefit to the sourcing and procurement
processes. This paradigm shift extends beyond the reactive to
proactively avoiding potential disruptions and maximizing
core processes. The application of AI/ML facilitates a
remarkable reduction of production downtime and stockouts
through the active identification of anomalies and prediction
of potential supply chain disruptions. This is facilitated
through the application of supervised and unsupervised
learning algorithms in analyzing past data, utilizing feature
engineering to identify significant input variables.
Subsequently, these sophisticated models allow for consistent
categorization of risk-susceptible buying orders and lead time
deviation forecasting potential via regression-based
forecasting, providing critical early warnings to procurement
units.

Further, Al provides procurement teams with enhanced
negotiation authority with suppliers based on data-researched
reports developed from risk-scoring methodologies and
cluster analysis of vendors' performance. This objective
vendor stability and potential hazard appraisal allows for
more rational and strategized engagement. Lastly, AI/ML
offers actionable insights based on Explainable AI [3]
techniques to enable interpretability and transparency of
model output. Such a facility helps in decision-making in
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high-priority tasks such as vendor selection and ordering
time, thereby ensuring optimal utilization of resources and
evading potential delays. Moreover, the predictive capability
of AI/ML allows for the development and timely execution
of efficient contingency plans promote a more resilient and
efficient supply chain environment.

The impact of these results is boosted by their consistency
with the most recent and present research. The results
highlight the revolutionary application of AI towards
improving data quality, enhancement of business operation
efficiencies, and indirectly enhancing overall business
performance. This supports the emerging expert view in the
industry that Al is central to optimizing supply chain
management and deriving real operational advantages [2].

The use of AI/ML-based predictive analytics in ERP
sourcing and procurement introduces substantial operational
benefits by proactively preventing disruptions. Anomalies are
identified and problems are forecasted by algorithms, which
categorize high-risk POs and lead time deviation forecasts
based on historical data and feature engineering. This reduces
production downtimes and stockouts. Procurement
negotiations are also enhanced by Al via risk scoring and
vendor performance clustering. Explainable Al provides
actionable insights to make informed vendor choice and order
timing decisions, enabling proactive contingency planning
via scenario analysis. This encourages a more robust and
efficient supply chain. Literature emphasizes the significant
contribution of Al in improving data quality, operational
efficiency, and overall business performance, which aligns
with earlier and existing literature in the field.

IL. REVIEW OF LITERATURE

The integration of Artificial Intelligence (AI) within
Enterprise Resource Planning (ERP) systems has emerged as
a focal point in recent literature, increasingly recognized for
its transformative potential in optimizing Inventory
Management and purchasing operations. Early studies [6]
have extensively documented the limitations of traditional,
rule-based approaches within ERP. These systems,
characterized by their inherent inflexibility and susceptibility
to errors, struggle to effectively manage the escalating
complexity and volume of data prevalent in contemporary

business environments. The inadequacies of these
conventional —methodologies have been particularly
highlighted during digital transformation initiatives,

underscoring the necessity for innovative solutions to address
evolving business needs [5].

Within the specific domains of Sourcing and Procurement,
a growing body of literature [7] posits the superior
capabilities of Al compared to traditional methods. Research
emphasizes the ability of machine learning algorithms to
extract meaningful insights from vast datasets, enabling the
identification of subtle patterns and temporal anomalies that
can inform proactive error correction and strategic decision-
making [7][8]. Furthermore, the literature consistently
highlights the significant advantages offered by Al-driven
ERP systems through automation. Studies [7][8][9] detail
how the automation of repetitive tasks mitigates time
expenditure and reduces the incidence of human error,
leading to enhanced operational efficiency. This automation
also contributes to accelerated processing speeds, enabling

organizations to exhibit greater responsiveness to dynamic
business demands [9].

Beyond operational improvements, scholarly work [10]
underscores the role of predictive analytics, a key feature of
Al-enabled ERP, in facilitating more informed
decisionmaking. By forecasting supply chain trends and
anticipating potential disruptions, these systems empower
organizations to proactively mitigate risks and optimize
resource allocation. Moreover, the literature increasingly
acknowledges the contribution of Al-enabled systems to
strategic objectives related to compliance and risk
management. Research highlights the challenges faced by
traditional ERP systems in ensuring data accuracy and
transparency in accordance with regulatory requirements. In
contrast to this with the potential of Al algorithms, enhance
data integrity and reduce the risks associated with penalties
and reputational damage [11]. Furthermore, studies [9]
suggest that Al's ability to identify data inconsistencies offers
opportunities to mitigate financial risks and improve
customer satisfaction.

However, the literature also acknowledges the challenges
associated with the implementation of AI within ERP
systems. Key concerns frequently cited include data privacy
issues [7], the complexities of integrating Al with existing
technological infrastructure [12], and the substantial
computational resources required for effective deployment.
Additionally, research emphasizes the dynamic nature of Al
algorithms, necessitating continuous monitoring and
refinement to ensure sustained optimal performance.
Conversely, emerging literature suggests that advancements
in data encryption and the adoption of cloud computing
architectures can offer potential solutions to mitigate
computational limitations and enhance data security. Finally,
a growing body of work [13] underscores the importance of
algorithmic transparency in fostering greater trust and
adoption of Al-driven solutions, emphasizing that the
realization of Al's full potential in achieving positive business
outcomes is contingent upon its strategic alignment with
overarching organizational goals.

[II. METHODOLOGY

The methodology adopted for this research employs a
structured four-stage approach: system design, development,
evaluation, and implementation, aimed at integrating
Artificial Intelligence into ERP systems for Purchase Order
delay prediction. The initial Design phase focused on
conceptualizing a modular architecture. This architecture was
specifically engineered for integration within existing ERP
frameworks, incorporating core Al components and machine
learning models while prioritizing adaptability and scalability
for potential use across different ERP platforms. Following
the architectural design, the Development stage commenced
with rigorous data preprocessing. Essential techniques such
as Missing Value Imputation and Outlier Detection were
systematically applied to cleanse the dataset, mitigating
potential issues like skewed analysis or biased model
training. A structured dataset, derived from a simulated
enterprise environment, served as the foundation for model
development after this cleaning process. Supervised machine
learning techniques were employed for predictive modeling.
While simpler, interpretable models like logistic regression
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were considered, more complex algorithms such as decision
trees and random forests were also utilized to capture intricate
patterns and interaction effects within the data. These
complex models can potentially offer higher accuracy in
predicting vendor delays by considering factors like unusual
order quantities for regular vendors or sourcing from overseas
locations.

Subsequently, the Evaluation phase involved a thorough
assessment of the trained models' predictive performance.
The primary objective was to quantify how effectively each
model could distinguish between Purchase Orders likely to be
delayed versus those expected to arrive on time. Performance
was measured using standard evaluation metrics calculated
on a dedicated test dataset. These metrics provided a
quantitative basis for model tuning (optimizing towards
desired outcomes) and enabled stakeholders to objectively
determine if the predictive accuracy met the required
threshold for practical deployment. The final Implementation
stage entailed deploying the validated architecture within a
controlled operational setting. The predictive model was
integrated into ERP systems via REST APIs, facilitating real-
time predictions for ongoing Purchase Orders. This
integration empowers procurement teams with actionable,
predictive insights, enabling proactive measures to mitigate
the impact of potential delays. Crucially, the implemented
architecture incorporates feedback loops to support
continuous learning, allowing the model's performance to be
refined and improved iteratively as more operational data
becomes available post-deployment.

ERP System

Figure 1 depicts the proposed system architecture and data
flow for embedding real-time Al predictions within an ERP
system, using Purchase Order (PO) delay forecasting as a
case study. The workflow begins with DATA Extracting
relevant structured and unstructured data from the ERP
system. This data undergoes essential preprocessing and
cleaning before being fed into the AI engine for model
development. Here, data is typically split into training and
validation sets to train the model and tune hyperparameters
while preventing overfitting.

During model development, the prepared data is typically
partitioned into training and validation sets. The training set
is used to learn model parameters, while the validation set
aids in hyperparameter tuning and mitigating overfitting.
Finalized models are versioned and stored in a Model
Registry for reproducibility. After passing evaluation based
on predefined metrics, the validated model is deployed, often
exposed via a RESTful API. The ERP system sends
new/updated PO data to this API for inference. The model
returns a prediction (e.g., delay risk score), which the ERP
system consumes to inform actions, such as alerting staff
about potentially delayed POs.

Post-deployment, continuous monitoring tracks model
performance and detects data drift. Significant performance
degradation or drift triggers an automated retraining pipeline
using updated data from the ERP. This creates a closed
feedback loop, ensuring the model adapts to evolving data
patterns and maintains its predictive accuracy over time,
facilitating near real-time, data-driven decision-making
within procurement.

New/update Purchase Order

(SAP, Oracie, etc.,)
Returns a Prediction and Risk Score i
/ DATA PREPARATION 3 ™
¢~ Model Training and Validation ‘ N
‘ MLOps
\ \ Pipeline
S : ot
(" Cloud Service or On Premise Server p | R
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o , /
Monitoring & Feedback
A
S

Figure 1

Figl. Represents data flow through critical stages of an Al-infused ERP system
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IV. DATA DESCRIPTION

This study utilizes real-world enterprise data, sourced from
publicly available repositories and meticulously anonymized
to protect privacy. The dataset primarily consists of
structured information crucial for predicting Purchase Order
(PO) delays, including PO records, Supplier Master data,
Item/Product Master data, Goods Receipt/Delivery data,
historical performance metrics if any, and transactional logs.
Furthermore, it incorporates potentially unstructured
elements like PO Change Logs and shipment mode details,
leading to a variety of data types and formats. This inherent
complexity poses significant data management challenges
within enterprise environments. Standard statistical
summaries alone often fail to capture the full picture,
necessitating robust data handling strategies to effectively
prepare the diverse dataset for analysis and model training..

V. RESULTS

This study concludes that Al-based technologies substantially
improve supply chain processes integrated within ERP
systems, primarily by enhancing purchase order process and
integrated business transactions, integrity, and speed.
Specific contributions highlighted include automated,
accurate detection and mitigation of potential delays, the
elimination of operational redundancies, and the facilitation
of real-time data synchronization among disparate systems.
Furthermore, the research indicates that Al algorithms enable
more reliable predictive performance and translated into
tangible improvements in operational efficiency, supply
chain reliability, and proactive risk management within the
ERP environment. Data cleaning and transformation is:
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Here Dgiean represents normalized data, Diaw; is the raw
input, y is the mean, and o is the standard deviation. Machine
learning model training is:
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Here, L(0) is the loss function, &g (x;) is the hypothesis
function, y; is the label, and x; represents input data.
Predictive analytics in math form is:

Ply=1|x)=1/(1+e™~(Po+ Pfrxs + ..+ Pxa))) (3)

This equation represents a Logistic Regression (Binary
classification). Predicts probability between 0 and 1. Here x1,
x2...xn are input features (independent variables), e.g., lead
time, vendor score. Po is the Intercept term (bias), shifts the
decision boundary, i, P2, ..., Bn Coefficients (weights) for
each  feature, learned during model training,

e(...)Exponential function which transforms the linear
combination into a curve.

This equation represents a Tree-Based Ensemble (e.g.,
Random Forest). Here § Final Predicted value, T is total
number of trees in the ensamble, x is Input feature vector
(e.g., vendor rating, order size, lead time, etc.) Optimization
of data accuracy is:

TP+TN (5)

Accuracy = ————
TP+TN+FP+FN

Where TP, TN, FP, and FN represent true positives, true
negatives, false positives, and false negatives, respectively.
True Positives (TP): Actual=Positive, Predicted=Positive.
True Negatives (TN): Actual=Negative,
Predicted=Negative). False Positives (FP): Actual=Negative,
Predicted=Positive (Type I error). False Negatives (FN):

Actual=Positive, Predicted=Negative (Type II error).
Feedback loop adjustment is:
91—1 = er -n= Ve ¥ (f(xll e[). }-'_[) (6)

Here, 0, is Model parameters at time step t (e.g., weights),
n (eta) Learning rate (how much to adjust the parameters), x,
Input features at time t (e.g., new ERP data like PO or vendor
info), y Actual observed outcome (feedback/ground truth),
VO A...) Gradient of the loss with respect to parameters 6,
(direction of steepest descent).

Table 1: Comprehensive overview of prediction accuracy improvements
across different models and diverse datasets using Al-Driven ERP
solutions. Accuracy measures the overall proportion of correct predictions
(both positive and negative) out of the total number of instances.

Model/Accuracy Dataset | Dataset | Dataset | Dataset [Dataset
Metric A B C D E
Logistic Regression 0.86 0.86 0.87 091 0.95
Random Forest 0.91 0.89 0.90 0.92 0.95
XGBoost 0.94 0.91 091 0.93 0.96
Support ector | 69 | 88 | 089 | 091 | 095
Machine

Table 1 Here Higher values (closer to 1.00) indicate a larger
fraction of correct predictions overall. Here accuracy is high
for all models, especially in Dataset D and E where delays are
rare. The more complex models (Random Forest, XGBoost)
achieve slightly better accuracy than Logistic Regression and
SVM on most datasets, but the differences are small. It shows
that accuracy alone doesn’t fully distinguish model
performance here. Hence the need to examine the following
precision, recall, and F1 metrics as well.
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Table 2: Overview of prediction precision value across different models
and diverse datasets using Al-Driven ERP solutions. Precision measures
what fraction were actually Positive of all the instances the model predicted
as Positive, It is about the correctness of the positive predictions. High
precision means that when the model says an instance is Positive, it's very
likely correct.

Model/Precis ion | Dataset | Dataset | Dataset | Dataset | Dataset
Metric A B C D E

Logistic Regression| 0.69 0.60 0.54 0.50 0.48

Random 072 | 070 | 064 | 060 | 052
Forest
XGBoost 078 | 074 | 068 | 062 | 058
SupportVector | 2, | 567 | 060 | 057 | 051
Machine

Table 2 compares model Precision, quantifying how reliable
each model's "delay" predictions are across the datasets.
Specifically, Precision represents the proportion of predicted
delays that were correct. XGBoost demonstrates strong
performance here, with a precision of 0.78 on Dataset A,
signifying that 78% of its delay flags corresponded to actual
delays. In contrast, Logistic Regression struggles with
precision, scoring lowest across datasets (e.g., 0.48 on
Dataset E), implying a higher tendency to generate false
positives. The lower overall precision observed for Dataset E
likely reflects the difficulty of accurately predicting rare
events; with few actual delays, predictions are more prone to
being false alarms. Maintaining high precision is crucial in
practice to ensure actions based on predicted delays are
accurate and avoid penalizing vendors unnecessarily.

Table 3: Overview of Recall metric across different models and diverse
datasets using Al-Driven ERP solutions. Recall (sensitivity or true positive
rate) is the fraction of actual delay cases that the model successfully
identified. It focuses on how well the model finds all the positive instances.

Model/Recall | Datas | Datas | Datas | Datas | Datas
Metric etA etB etC etD etE
Logistic 0.48 0.37 0.22

Regression 0.71 0.58
Random 0.58 0.47 0.28
Forest 0.88 0.71
XGBoost 0.94 0.76 0.66 0.50 0.31
Support 0.61 0.48 0.30
Vector
Machine 0.80 0.72

High recall means the model identifies most of the actual
positive cases. In other words, misses very few delays. This is
crucial as delays cause significant problems in the supply chain.
Table 3 compares model performance using Recall, which
indicates how effectively each model identifies true delay events
across different datasets. A higher Recall score means a larger
proportion of actual delays were successfully caught. XGBoost
stands out with the highest Recall on most datasets; for example,

it identified 94% of all delays within Dataset A. Logistic
Regression and SVM, however, tend to have lower Recall,
meaning they fail to capture a significant portion of delays —
Logistic Regression, for instance, only detected 22% in Dataset
E. Notably, Recall decreases for all models on Datasets D and E,
suggesting these datasets possess characteristics (like severe
class imbalance or noise) that make detecting the infrequent
delays inherently harder. Although achieving high Recall is
important for mitigating delays, this goal must be balanced with
Precision, as efforts to capture more true delays often result in
predicting delays incorrectly more often.

Accuracy
1.0
‘W
0.8
0.6
L
S
[v]
0
0.4
—o— Logistic Regression
0.2 Random Forest
—+— XGBoost
- SVM
0.0 A B C D E
Dataset

Fig. 2. Prediction accuracy comparison between datasets.

Precision

\\’\.

—e— Logistic Regression
Random Forest

—a— XGBoost

-~ SVM

. s .

A B C D E
Dataset

Fig. 3. Prediction Precision values across different datasets.

Recall
—e— Logistic Regression
Random Forest
—+— XGBoost
- SVM
A B C D B
Dataset

Fig. 4. Recall metric comparison between different datasets.
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Figure 2, 3, & 4 presents a comprehensive visual comparison
of machine learning models i.e., Logistic Regression,
Random Forest, XGBoost, and Support Vector Machine
(SVM) across five datasets (A to E) using three classification
metrics Accuracy, Precision, and Recall.

The Accuracy plot indicates overall correctness of prediction.
All of the models perform relatively well, with XGBoost
consistently performing the best across all of the datasets with
a high of 0.96 for Dataset E. Logistic Regression is less
complex but with good accuracy, with a notable performance
for Dataset E. The Precision plot calculates the proportion of
true positive delay predictions out of all positive predictions.
This has specific importance in reducing false alarms in
vendor delay warnings. XGBoost and Random Forest again
outperform the others, indicating their higher consistency at
correctly identifying delays without over-flagging. The Final
Recall plot highlights the performance of each model at
identifying all true delays. XGBoost is the best in this regard
with the highest recall values for the majority of the datasets,
followed by Random Forest. Logistic Regression shows a
steep decline in recall, especially on Dataset E, indicating its
inability to identify minority class instances in imbalanced
scenarios.

It shows all models demonstrate consistent degradation in
precision and recall from Dataset A to Dataset E, suggesting
increased dataset complexity. XGBoost emerges as the most
stable performer by maintaining a healthy balance across all
three metrics. Such a multi-metric visualization emphasizes
the importance of using diversified evaluation criteria while
comparing the performance of models, especially for the
imbalanced classification issue of vendor delay prediction.
Whereas accuracy alone would appear to be enough,
precision and recall give more information about each
model's practical utility and risk trade-offs.

Congehjr Plot: Average Model Performance Across Metri

cs
0.95
0.85
XGBoost
0.75
0.65
Random Forest
0.55
Logistic Regresigcnu 0.45

racy Precision Recall
Metric

Model

Fig. 5. A Contour chart. A intuitive heatmap-like view showing how each
model balances these key metrics.

VI. DISCUSSIONS

With Al the output of this study introduced a new evolution
compared to the previous time of its invention with ERP
application. This study evaluated the performance of four
machine learning models, Logistic Regression, Random
Forest, XGBoost, and Support Vector Machine (SVM) in
predicting vendor delivery delays in ERP systems, using
three classification metrics i.e., Accuracy, Precision, and

Recall. While all the models were very accurate on the five
datasets, particularly XGBoost and Random Forest. It was
clear that accuracy alone was not a good measure of
performance because the data was imbalanced, in that delays
occurred many times less frequently than on-time deliveries.
Precision and recall gave more helpful information. XGBoost
always had the highest precision and recall, which may
indicate that it was not only accurate in its predictions but also
reliable in identifying actual delays without producing a lot
of unnecessary alarms. Random Forest was close, with high
recall but a significant drop in precision, which suggests that
it may identify delays well but with higher chances of
producing unnecessary alarms. Meanwhile, Logistic
Regression, despite having relatively high accuracy,
exhibited a remarkable drop in precision and recall on more
complex datasets, especially Dataset E, indicating its
weaknesses in real-world imbalanced cases. SVM had
reasonable performance across all the measures but lacked
the intensity and plasticity exhibited by the ensemble
methods.

The findings were supported through visualizations. The line
graph clearly illustrated model performance by dataset,
showing the consistency of XGBoost performance versus
other models' variability. The contour graph also summarized
the performance into a plot of average metric values by
model, again showing XGBoost's extremely consistent
performance along all axes. Together, these visualizations
and metric findings reinforce that ensemble models, and
especially XGBoost, are best suited for predictive vendor
delay classification in ERP environments. They not only
boost precision but also allow procurement teams to take
preventive measures based on reliable notifications. Lastly,
the research confirms that considering only accuracy is
misleading and it is essential to integrate precision as well as
recall in order to build strong, business-effective Al solutions
in supply chain management.

The results of this research demonstrate the significant impact
that Artificial Intelligence (AI) has on Enterprise Resource
Planning (ERP) systems, particularly in terms of Predicting
vendor delays and business performance. Al offers solutions
that promote sustainable growth in an increasingly datadriven
world.

Discussions revealed that Al-driven ERP system has broader
implications and benefits on business operations. With data
input to Al models, organizations are able to benefit from
high-quality and reliable outputs that are essential for
strategic planning and operational implementation.
Additionally, the automation of routine tasks allows human
resources to focus on value-added processes such as data
analysis and strategy formulation. Al-based systems are
flexible and scalable to the dynamic variables of the business
environments. Leveraging Al in ERP functions and processes
introduces a paradigm shift in dealing with and exploiting the
data assets of organizations. The findings of this research
enumerate Al's revolutionary potential to optimize
procurement process, operational efficiency, and business
performance. With a world that is increasingly data-driven,
Al-based ERP solutions promise opportunities for sustainable
growth.
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VII. CONCLUSION AND FUTURE SCOPE

Integrating with Enterprise Resource Planning (ERP)
platforms and using Artificial Intelligence (AI) to optimize
business processes, will result in significant improvements.
This research demonstrates that machine learning models
particularly ensemble methods like XGBoost and Random
Forest offer substantial advantages in predicting vendor and
supply chain disruptions within ERP environments. While
traditional metrics like accuracy appeared strong across all
models, our deeper analysis revealed that precision and recall
were more indicative of real-world utility. Especially in the
context of imbalanced classification problems. XGBoost
emerged as the most robust model, balancing high accuracy
with strong precision and recall across diverse datasets. These
capabilities are vital in ERP-driven supply chain processes,
where early and reliable identification of vendor delays can
prevent cascading production issues, reduce manual
interventions, and optimize inventory and fulfillment
strategies. The use of visual analytics, including line and
contour charts, further validated these conclusions by
providing intuitive insights into model strengths across
different performance dimensions. Ultimately, this study
highlights the critical importance of multi-metric evaluation
and supports the integration of Al-based delay prediction
tools within ERP systems to improve operational resilience
and decision-making.

Building upon the promising results of this study, several
avenues for future exploration are like 1. Integration with
Real-Time ERP Streams (Future research can focus on
integrating these ML models with live ERP systems using
streaming data pipelines and real-time APIs to enable
continuous, automated delay predictions.), 2. Explainable Al
(XAI) for Vendor Risk Scoring (Incorporating explainability
techniques could help procurement teams understand why a
vendor is flagged as high-risk, thereby improving trust and
actionability.), 3. Incorporating External Data Sources
(Augmenting ERP data with external factors such as weather
forecasts, geopolitical events, and supplier financial health
can further enhance model accuracy and generalizability.), 4.
Adaptive Learning Models (Implementing online learning
and self-updating ML pipelines would allow the system to
evolve with changes in vendor performance or market
behavior without requiring full retraining.), 5. Cross-Domain
Deployment (The framework and methodology used here can
be extended to other ERP modules such as customer order
fulfillment, inventory replenishment, and production
planning), & 6. Benchmarking with Deep Learning and
AutoML (As computing resources scale, future work could
compare traditional ML models against deep neural networks

and automated machine learning (AutoML) platforms to
explore performance at scale.)

These directions can drive further innovation in ERP systems,
transforming them from passive record-keeping platforms
into proactive, intelligent systems that enhance agility,
efficiency, and competitive advantage across industries.
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