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Abstract— This research study discusses that predictive analytics can be used in ERP-connected supply chains to 

optimize decision-making and operational processes. Some of the models that were applied in forecasting demand, 

inventory optimization and classifying of supply chain issues were Time Series Forecasting (ARIMA), Linear 

Regression, Random Forest, and Logistic Regression. These models were tested based on descriptive and inferential 

statistics, with the results indicating a better accuracy and cost-effectiveness after implementation. The results indicate 

that the incorporation of predictive analytics in the ERP systems is an effective way of enhancing the supply chain, 

which can produce actionable guidance, lower costs and streamline operations across various segments of the supply 

chain. 
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I. INTRODUCTION 

A. Background 

Predictive analytics is vital in improving the efficacy 

and decision-making attributes of ERP-linked supply 

chains. Through the use of historical data, machine 

learning applications, and statistical tools, 

organizations can utilize predictive analytics to 

forecast demand, guide inventory and optimize 

production. Through this integration, businesses make 

decisions about their business using data, lower 

operations cost, greater responsiveness, as well as a 

more efficient and effective supply chain. 

B. Research Aim  

The aim of this research is to investigate the impact of 

predictive analytics used to facilitate supply chain 

efficiency and decision making that is linked to ERP 

systems and emphasizes its effects on forecasting, 

inventory management and production planning. 

 

C. Research Objectives  

● To investigate the benefits of predictive 

analytics in making operational decisions 

and demand forecasting on ERP-driven 

supply chains. 

● To determine important predictive models 

that streamline production and inventory. 

● To discuss the issues and advantages of 

incorporating predictive analytics in ERP 

solutions. 

● To propose strategies for effective 

implementation and adoption. 

D. Problem statement 

Inefficiency in the supply chain is a problem faced by 

many organizations that results in a higher cost, delays 

in deliveries and inventory management issues. 

Compared to the new ERP systems that have advanced Independent Researcher, USA 
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predictive features, the traditional ones do not have 

advanced predictive features and hence are not able to 

accurately predict demand and optimize operations 

[1]. Predictive analytics is incorporated in the ERP 

systems to help to resolve these problems and enhance 

decision-making and the performance of the supply 

chain. 

E. Novel contribution  

This study presents the innovation of implementing 

advanced predictive analytics to supply chains that are 

connected to ERP, and its positive impact on demand 

prediction, inventory decision, and production plan. 

Through the application of machine-learning 

algorithms and data-driven models, it is able to 

improve decision-making, decrease the costs of 

operations and increase efficiency [2]. The study also 

discusses practical challenges in implementation that 

can provide insights to the businesses aiming at 

implementing these technologies. 

 

II. LITERATURE REVIEW 

A. Improving Demand Forecasting and 

Operational Efficiency in ERP-Driven Supply 

Chains 

 

Fig.1: AI Applications in Supply Chain 

Management 

Predictive analytics has emerged as a more effective 

alternative to enhance the efficiency of both demand 

forecasting and operational effectiveness in ERP-

oriented supply chains [3]. The conventional supply 

chain models tend to be based on the historical data 

and simplistic methods of forecasts, that are inaccurate 

and result in inefficiencies of the supply chain such as 

stockouts or overstocking [4]. Predictive analytics 

however, is based on high-quality machine learning 

models and statistical algorithms to process large 

amounts of data and make very precise predictions 

regarding future demand [5]. Accurate predictions on 

the demand allows organizations to schedule their 

production, stock levels, and the supply chain 

activities to minimize cost and waste [6]. Moreover, 

predictive analytics promotes efficiency in operations 

because it may give immediate insights, allowing 

businesses to be fast to make adjustments to various 

situations whether it is fluctuations in demand, supply 

failures, or consumer preferences [7]. This creates 

freer and quicker supply chain activities, which assists 

firms to survive in a volatile business environment. 

B. Key Predictive Models for Optimizing Inventory 

and Production Processes 

 

Fig.2: Predictive Models for Optimizing Inventory 

Management 

In order to streamline the inventory and production 

operations, a number of predictive models have been 

created and embedded in ERP [8]. Such models are 

based on historical data, demand patterns and real-

time analytics when making decisions that provide 

optimum inventory levels and efficient output [9]. 

Time series forecasting is one of the most important 

models as it is based on previous data points to forecast 

the future demand patterns [10]. This model enables 

organizations to adapt inventory levels in advance and 

to minimize the risk in understocking as well as 

overstocking [11]. Regression analysis is another 

model that is mostly used and helps to determine a 
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relationship between various variables, such as sales 

trend and external influences, the economic conditions 

[12]. With the knowledge of these relationships, 

businesses can make better decisions concerning the 

number of units to add to the inventory and when to 

manufacture according to the products [13]. Machine 

learning typically takes the form of a decision tree, a 

random forest, a neural network, or other complex 

demand prediction and inventory management to 

which they are being applied [14]. These models are 

able to process complex data, learn based on the trends 

in past data, and optimize inventory and production 

plans on-the-fly [15]. Combination of the above 

predictive models and ERP systems enables a smooth 

flow of information and this gives businesses an 

opportunity to maximize their resources and reduce 

costs. 

C. Challenges and Benefits of Integrating 

Predictive Analytics within ERP Systems 

 

Fig.3: Advantages and disadvantages of ERP 

System 

Implementing predictive analytics in ERP systems is 

indeed both a challenge and a rewarding venture [16]. 

A significant challenge is quality of data. Good, 

correct and consistent data is instrumental in 

predictive models [17]. In cases where predictive 

models are not given by the ERP systems, then the 

ability of these models becomes invalid [18]. 

Moreover, predictive analytics may be challenging to 

integrate into the current ERP systems unless it 

involves widespread upgrades or introduction of new 

technologies [19]. Organizations can also have 

challenges in supporting their infrastructure to enable 

them to process the required data [20]. The other risk 

is the necessity of skilled people who can interpret and 

take action based on the findings of the data, which 

can mean investing in employee training or recruiting 

new talents [21]. The advantages of integration are 

high regardless of such challenges [22]. Predictive 

analytics can improve decision making, enabling more 

accurate forecasting and improved congruency, even 

among supply chain actions [23]. The use of predictive 

models results in large cost savings through efficiency, 

inventory optimization and production streamlining 

[24]. 

D. Strategies for Effective Implementation and 

Adoption of Predictive Analytics 

 

Fig.4: Predictive Analytics Processes 

The realization and utilization of predictive analytics 

in ERP systems need a strategic approach to be 

successful [25]. Businesses make sure that predictive 

analytics integration is compatible with their supply 

chain and overall business strategies [26]. 

Determining areas to which predictive models can be 

valuable, such as demand prediction or optimization of 

the production process, enable companies to direct 
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their efforts to areas that are most likely to deliver a 

payback [27]. Organizations must also invest in the 

right infrastructure such as cloud computing, data 

storage, and analytics platforms to enable predictive 

analytics tools [28]. Moreover, to guarantee the 

effective use of the insights that the predictive models 

provide, it is crucial to train and upskill the workers in 

the field of data science and analytics [29]. 

Interdepartmental cooperation between the IT, supply 

chain management, and data analytics departments is 

key to the effective integration of predictive analytics 

with the ERP systems [30]. The risk can be also 

addressed by taking an incremental implementation 

strategy [31]. By starting with pilot projects, it is 

possible to test how predictive models work, 

determine any obstacles and make the necessary 

adjustments before scaling-up [32].  

E. Literature Gap 

Supply chain management is growing by adopting 

predictive analytics, however there is limited research 

to its efficient integration into the ERP systems and 

especially in real-time decision-making. Also, the 

issues associated with the quality of data, 

compatibility of systems, and the competencies of 

personnel are under researched [33]. The gaps 

identified must be filled in the same way as further 

research is carried out to formulate holistic models of 

successful implementation and scalability between 

industries. 

 

III. METHODOLOGY 

A. Research Design 

This research adopts the quantitative approach where 

it evaluates the secondary data on ERP system, past 

sales, stocks, manufacturing schedule, and data on 

order fulfillment. Demand is predicted using various 

forecasting models, including time series forecasting 

and regression analysis, machine learning algorithms, 

and classification models. The data is divided into 

training and test sets considering the accuracy of 

models used and how they influence the ERP system 

decision-making and efficiency of the supply chain. 

B. Data Collection 

This research uses secondary data from the Supply 

Chain Order Delay Risk Analysis dataset from Kaggle 

(319 downloads, ~53 KB). The data has 10 years of 

data in 500+ product categories. It incorporates such 

variables as demand, inventory, production schedules, 

shipping delays, and order fulfillment. These data have 

a high level of variability in demand and inventory 

levels, with missing values being filled and divided 

into 70% training and 30% testing to predict. 

C. Predictive Models 

Time Series Forecasting Model 

Prediction of future demand using historic data is done 

using ARIMA (Autoregressive Integrated Moving 

Average) model. This model is especially applicable 

to those types of data that vary with time, like sales or 

demand variability and it assists in making predictions 

regarding the future demand of the supply chain. 

ARIMA model is expressed like the following: 

𝑌𝑡 = 𝜇 + ∑𝑃
𝑖=1 𝜙𝑖𝑌𝑡−𝑖 + ∑𝑞

𝑗=1 𝜃𝑗𝜖𝑡 − 𝑗ϵt 

● Yt = demand at time ttt 

● μ = constant (mean) 

● ϕi = autoregressive parameters 

● θj = moving average parameters 

● ϵt = white noise 

Regression Models 

Linear regression model is performed to establish 

relationships among important variables of the supply 

chain like inventory levels, sales, production 

schedules and external variables (like weather, 

promotions). The linear regression equation is given 

by: 

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯+ 𝛽𝑛𝑋𝑛 + 𝜖 

Where: 

● Y = dependent variable (demand) 

● β0 = intercept 

● βi= coefficients 

● Xi = independent variables (sales, weather) 

● ϵ = error term 

Machine Learning Models 

The demand as well as optimization of the production 

is predicted with the help of Random Forest. Ensemble 
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Forest is a type of random forest that generates more 

than one decision tree and averages their findings to 

increase prediction accuracy.  

Classification Models 

The demand classification tasks involve the use of 

Logistic Regression in tasks like, classifying demand 

levels (such as high, medium, low). Logistic 

Regression model can be defined as follows: 

𝑃(𝑌 = 1 ∣ 𝑋) =
1

1 + 𝑒 − (𝛽0 + 𝛽1𝑋)
 

Where P(Y=1∣X) is the probability of a demand falling 

in a specific group. 

D. Data Visualization and Performance Evaluation 

In order to measure the predictive analytics 

effectiveness of ERP-connected supply chains, a 

number of visualization methods are employed. The 

time series plot compares the real and predicted 

demand and displays the accuracy of the model. The 

correlation heatmap determines the relationship 

between sales, inventory, production and delay at 

shipping. Forecast uncertainty is depicted by the 

demand forecasting plot with confidence intervals. 

Scatter and box plot is used to demonstrate 

relationships between sales and inventory and 

variation in delivery times and production costs 

respectively. A comparison is made between model 

performance. An ROC curve assesses classification 

models' sensitivity and specificity. A heatmap is used 

to measure the efficiency of the supply chain in terms 

of segments, and a Pareto chart gives some priority to 

important problems per the 80/20 rule. An ERP system 

predictive analytics adoption has a cost-benefit 

analysis plot, which quantifies the investment and 

savings returns. 

E. Data Analysis Plan  

Descriptive statistics (mean, standard deviation) is 

applied to provide insight into the statistics on 

performance such as the forecasting accuracy. The 

performance of predictive models are compared using 

inferential statistics (t-tests, ANOVA). Variable 

relations are investigated using correlation analysis. 

 

 

 

F. Architecture Diagram  

 

Fig.5: Architecture Diagram 

The architecture diagram illustrates the data flow in 

the supply chains related to ERP, including the data 

collection (sales, inventory, production) and 

forecasting models (forecasting, machine learning), to 

improve supply chain decisions by integrating real-

time ERP operations. 

G. Pseudocode 

 

Fig. 6: Pseudocode 

This pseudocode describes the steps of applying 

predictive analytics to the ERP-related supply chains, 

including gathering and locating data, model usage 

based on forecasting and machine learning models, 
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inventory optimization, and the operations decision 

support. 

H. Flowchart  

 

Fig.7: Flow diagram 

The flowchart shows the procedure of the ERP-related 

supply chains, beginning with data collection (sales, 

inventory, production) and going to the predictive 

models (forecasting, machine learning) and 

terminating with ERP integration and making 

decisions based on data. 

 

IV. RESULT AND DISCUSSION 

 

Fig.8: Time Series Forecasting of Demand 

The graph shows the real and some predictions 

January is the first to April 15, 2023. Demand is 

varying between a range of 180-220 units and the 

forecasting demand takes the same trend particularly 

past March 30 with slight variation exhibiting a clear 

decline to 195 units. 

 

Fig.9: Linear Regression Model 

Inventory and sales have a very strong positive linear 

relationship as indicated by this plot. When the 

inventory is more, sales are proportional to inventory. 

Mean squared error (MSE) = 28.57 which reflects the 

Mean square error in prediction of the model. 

 

Fig.10: Random Forest Model 
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The scatter plot displays a great relationship between 

word selling sales and forecasts of sales by the use of 

the random forest. The prediction error is small with 

the Mean Absolute Error (MAE) being 4.54. 

 

 

Fig.11: Logistic Regression Model 

The Logistic Regression model gave an accuracy of 

97.67% with optimal hyperparameters (C=1, 

max_iter=100, penalty=l2, solver=liblinear). The 

classification report indicates that there is high 

precision, recall and f1-score between the two classes 

suggesting that the model is performing well with few 

errors as indicated by the confusion matrix. 

 

Fig.12: Correlation Analysis 

Correlation heatmap indicates that most features have 

moderately weak correlations with each other, with 

Inventory, Sales, and Demand having the strongest 

correlation. However, Logistic Regression is a good 

model to capture these relationships and this correlates 

with the observed relationships and hence consistency 

between the feature interactions and the model 

performance. 

 

Fig.13: Demand Forecast with Confidence 

Intervals 

The demand forecast indicates a consistent rise in 

demand between 200 and 215 units in the period April 

11 to April 20, 2023. The stippled region demonstrates 

confidence intervals which reveal a range of 

uncertainty on the predicted values. 

 

Fig.14: Sales vs Inventory 

The scatter plot demonstrates that there is a weak 

positive relationship between inventory (30-70) and 

sales (150-350). The sale appears to fluctuate with a 
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certain large difference in case of a constant inventory, 

implying other factors in effect. 

 

Fig.15: Delivery Times Vs Production Costs 

The boxplot indicates that there is a low distribution 

around the zero delivery times that means that there is 

not a significant variation in the delivery times. The 

values of production costs vary widely, as the range 

between the lowest and highest can be 50 to 250 and 

the interquartile range is wide. 

 

Fig.16: Model Comparison 

The bar chart makes a comparison of model accuracy 

of the ARIMA, Linear Regression, and the Random 

Forest. The accuracy of ARIMA and random forest are 

identical (approximately 0.85), whereas the accuracy 

of linear regression is a bit smaller (around 0.80). 

 

Fig.17: ROC Curve for Three of the Models 

According to the ROC comparison, Logistic 

regression is much better than both Linear Regression 

and ARIMA and its AUC is highest of 0.91. The 

performance of Linear Regression (0.52) and ARIMA 

(0.50) is much lower. 

 

Fig.18: Pareto Chart for Supply Chain Issues 

Pareto chart indicates that, Delay is the most common 

problem, having 3 times whereas, Stockout and 
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Supplier Issue has 2 times. The graph adheres to the 

principle of 80/20. 

 

Fig.19: Cost-Benefit Analysis of Predictive 

Analytics 

The Cost-Benefit Analysis indicates that the expenses 

prior to the adoption of predictive analytics increase to 

100-120. Costs are not affected since post-

implementation, their costs only rise by 80 to 85, 

proving to be cost saving. 

 

Fig.20: Descriptive statistics 

The descriptive statistics show that Sales have a mean 

of 189.85 with a standard deviation of 51.11. The 

mean of Inventory is 48.65 whereas the Production is 

97.53. The means of the Shipping Delay are 1.99 with 

a standard deviation of 0.47. 

 

Fig.21: Inferential Statistics 

The T-test gives a t-statistic of 16.01 and a p-value of 

0.0000, indicating significant differences in the 

models. The ANOVA test has an F-statistic of 150.29 

and p-value of 0.0000 and this implies that there is 

significant difference between the accuracies of the 

models. 

TABLE 1: SUMMARY OF KEY FINDINGS 

AND MODEL PERFORMANCE EVALUATION 

IN ERP-LINKED SUPPLY CHAINS 

Aspect Key Findings Numerical 

Results 

Demand 

Forecasting 

Forecasting 

conforms to 

demand trend 

and minimal 

variation 

Forecasted 

Demand: 180-

220, Decline to 

195 units 

Linear 

Regression 

(MSE) 

Strong 

relationship 

between 

inventory & 

sales 

MSE: 28.57 

Random 

Forest 

(MAE) 

Good model 

precision and 

error rates are 

low 

MAE: 4.54 

Logistic 

Regression 

(Accuracy) 

Good model 

precision and 

error rates are 

low 

Accuracy: 

97.67%, 

Precision, 

Recall: 1.00 

Correlation 

Analysis 

The strongest 

correlation in 

Inventory, 

Sales, and 

Demand  

Sales-Invent: 

1.00, Others: 

Weak 

correlations 

Demand 

Forecast 

with CI 

Regular 

increase in 

demand with 

confidence 

intervals  

Demand 

forecast: 200-

215 units (with 

confidence 

intervals) 

Sales vs 

Inventory 

There is weak 

positive 

relationship 

between 

Sales: 150-350, 

Inventory: 30-

70 
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inventory and 

sales  

Delivery 

Times vs 

Production 

Costs 

Delivery times 

are constant, 

Production 

costs vary 

immensely 

Delivery Time: 

Stable, 

Production 

Costs: 50-250 

Model 

Comparison 

(Accuracy) 

ARIMA, RF 

are better than 

Linear 

Regression  

ARIMA, RF: 

0.85, LR: 0.80 

ROC Curve Logistic 

Regression is 

better than 

ARIMA and 

Linear 

Regression

  

AUC: LR: 0.91, 

ARIMA: 0.50, 

LR: 0.52 

Pareto Chart 

for Issues 

Delay is the 

most common 

issue 

Delay: 3 

occurrences, 

Stockout & 

Supplier Issue: 

2 

Cost-Benefit 

Analysis 

Forecasting 

analytics leads 

to saving of 

costs 

Pre-Analytics: 

100-120, Post: 

80-85 

Descriptive 

Statistics 

Summary of 

key statistics 

Sales: 

Mean=189.85, 

SD=51.11, 

Inventory: 

Mean=48.65, 

SD=0.47 

Inferential 

Statistics 

Significant 

differences in 

model 

performance 

T-stat: 16.01, p-

value: 0.0000, 

F-stat: 150.29 

Discussion 

The findings indicate how predictive analytics can 

help streamline the supply chain operations. Time 

series forecasting and Random Forest models made 

correct forecasts with some variations in demand 

forecasting (range: 180-220 units). The Logistic 

Regression model performed very well and gave an 

accuracy of 97.67 which is consistent with the feature 

correlations as illustrated. Although most of the 

features are weakly correlated, the complex 

interactions are modeled by the Logistic Regression, 

which is consistent with the model performance. The 

ROC curve indicated the high performance of the 

Logistic Regression (AUC: 0.91), which is better than 

that of ARIMA and Linear Regression (0.52). The 

Pareto chart showed delays to be the biggest supply 

chain concern, and the cost-benefit analysis proved 

that predictive analytics resulted in a substantial 

amount of cost savings after its implementation. The 

statistical tests (T-test: 16.01, p-value: 0.0000) also 

confirmed the accuracy and reliability of the model. In 

sum, predictive models can be used to improve 

decision making, saving costs and efficiency. 

 

V. CONCLUSION 

In conclusion, this study shows that predictive 

analytics have a great potential in the improvement of 

supply chain 

efficiency. Several models are evaluated and tested 

such as ARIMA, Random Forest, and Logistic 

regression, 

demonstrating better demand predictions and stock 

optimization, as well as greater classification beliefs. 

With the 

statistical analysis and the cost-benefit assessments, 

the predictive analytics integrated into ERP systems 

lead to 

improved decision-making, cost-reduction, and more 

efficient operations. Predictive models can be crucial 

to streamlining the performance of the supply chain. 

The highest accuracy is observed in Logistic 

Regression model with their accuracy of 97.67. The 

model performance is consistent with correlation 

analysis and cost-benefit analysis validated that there 

is significant savings. The models are also confirmed 

by statistical tests, which also pointed to the beneficial 

effect of predictive analytics on decision-making and 

efficiency of operations. 

Future Scope  

Future research can aim at integrating real-time feeds 

of data into the predictive model to facilitate more 

dynamic forecasts. Also, developing deeper learning 
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models and the ability to interpret models based on 

explainable AI (XAI) might go further to streamline 

decision-making and supply chain management and 

increase the response to market changes and 

uncertainty. 
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