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Abstract

In recent years, there has been a strong tendency by companies
to use centralized management systems like Enterprise resource
planning (ERP). ERP systems offer comprehensive and
simplified process management and extensive functional
coverage. ERP enables the organization to store and manage
their data. Using machine learning will enable the organization
to analyze the data to get the right decisions and gain valuable
insights that were previously unmanageable. Sales management
module is an important element in business management of
ERP. Future sales forecasting is a crucial component of every
organization. Using machine learning in sales projections lets
companies analyze historical scenarios and then predict future
sales. Before budgeting, inferences are used to detect shortfalls
and weaknesses, as well as to construct a good strategy for the
following year. A detailed knowledge of past sales data permits
the plan for future sales that aim to set the sales target to give a
better result and establish sales performance goals
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1. Introduction

Enterprise Resource Planning (ERP) systems are foundational
tools for modern organizations, enabling businesses to
centralize and streamline critical functions such as finance,
procurement, inventory, human resources, and customer
relationship management. By integrating these areas into a
unified system, ERP solutions increase efficiency, improve
decision-making, and reduce operational complexity.[1]

The growing reliance on digital technologies has transformed
how businesses operate. ERP systems now serve as the core of
this transformation, offering real-time data access and seamless
process integration. As a result, companies have moved away
from manual workflows and toward automation, reducing
errors and enabling faster responses to market demands. Global
operations—managing multiple currencies, regional
regulations, and cross-border logistics—can also be handled
more effectively within a single ERP environment. [2]

ERP systems are designed as modular platforms, allowing
organizations to implement only the necessary components
initially, then scale up as needed. Each module (such as finance
or supply chain) works with the others to ensure data
consistency and eliminate information silos. The systems
handle vast amounts of structured transactional data, making it
accessible and actionable across departments. This centralized
database supports both day-to-day operations and strategic
planning by providing a single source of truth. [3]

One of ERP’s most strategic applications is in business
forecasting. Forecasting helps predict future demand, revenue,
and performance by analyzing historical data. Accurate
forecasts assist with budgeting, resource planning, staffing, and
customer service. However, to be effective, organizations must
ensure the quality and relevance of the data they collect. They
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must also equip their teams to interpret and act on ERP-
generated reports and dashboards. [2]

As ERP systems evolve, they are becoming more intelligent
through the integration of advanced technologies like business
intelligence, big data analytics, and machine learning (ML).
These intelligent ERP (I-ERP) systems are not just upgrades but
represent a shift in how businesses manage and use
information. They offer dynamic capabilities for strategic
decision-making and real-time adaptability, meeting the needs
of businesses in fast-paced digital markets. [4]

This evolution reflects a broader trend toward digitalization and
automation. Companies are now expected to be more agile,
efficient, and responsive. Intelligent ERP systems provide the
infrastructure to meet these expectations by enabling more
informed decisions, faster responses, and improved customer
experiences. These systems have become essential for
navigating complexity and staying competitive. [5]

Machine learning is one of the most transformative
technologies in this context. It allows ERP systems to go
beyond historical analysis, offering predictive capabilities based
on data-driven learning. ML algorithms can identify patterns,
learn from past behaviors, and generate forecasts or
recommendations without being explicitly programmed for
each scenario. This has made machine learning a key driver in
the next phase of ERP development.[6]

When integrated with ERP, machine learning can significantly
enhance operational functions like inventory management,
customer relationship management, and especially forecasting.
Forecasts powered by ML are more accurate and scalable,
relying on large datasets and complex algorithms to identify
trends and anticipate outcomes. This reduces manual
forecasting errors and frees up staff to focus on strategic tasks.
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Machine learning enables ERP systems to analyze both
structured and unstructured data, transforming it into actionable
predictions. These insights support better planning across
various functions, such as demand forecasting, workforce
planning, and production scheduling. As ML models are
exposed to more data, they continuously improve in accuracy,
making ERP systems smarter over time. [7]

Sales forecasting is a particularly valuable application of
machine learning within ERP. Accurate sales forecasts are
essential for planning marketing strategies, allocating budgets,
managing inventory, and scheduling staff. ML models enhance
these forecasts by incorporating a wide range of data inputs,
such as customer demographics, purchasing history,
seasonality, and even behavioral patterns. These models
outperform traditional forecasting methods by identifying
complex relationships in the data that human analysts might
miss. [8]

Unlike conventional approaches that use averages or simple
projections, machine learning employs advanced techniques
such as regression analysis, decision trees, clustering, and
neural networks. These methods allow systems to understand
and predict customer behavior more precisely. For example,
businesses can forecast not only whether a customer will make
a purchase but also how they will engage throughout the buying
process.[9]

Behavioral predictions derived from ML can help businesses
reduce cart abandonment, tailor marketing messages, and
prioritize high-value customer segments. This deep insight
allows companies to move from reacting to market trends to
proactively shaping them. It also strengthens customer
satisfaction by enabling more personalized and timely services.
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Ultimately, integrating machine learning into ERP systems
empowers businesses to make smarter, faster decisions. It
transforms ERP from a system of record into a strategic
platform for innovation and growth. With ML-enhanced
forecasting, organizations can anticipate customer needs, adapt
to market changes, and optimize internal operations. As data
becomes a critical asset in today’s economy, ERP systems
equipped with machine learning are helping businesses turn that
data into lasting competitive advantage. [10]

2. Related Work

According to Roy et al. [3]an Enterprise Resource Planning
(ERP) system is a powerful and comprehensive software
solution specifically designed to manage, coordinate, and define
the wide range of business processes necessary for an
organization to successfully achieve its goals and fulfill its
strategic objectives. It acts as the central nervous system of the
business, connecting different operational areas and ensuring
that processes run smoothly and efficiently. By establishing a
structured framework for managing workflows, ERP helps
companies standardize their operations and ensure that every
activity is aligned with the broader mission and vision of the
organization.

One of the primary functions of ERP is its ability to integrate
various business functions—such as finance, procurement,
inventory, human resources, production, sales, and marketing—
into a single, unified system. This level of integration breaks
down departmental silos and facilitates  seamless
communication and collaboration across the organization.
When departments are connected and sharing data in real time,
decision-making becomes faster, more informed, and more
accurate. This enables the entire organization to function
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cohesively and operate with greater agility and responsiveness
in a dynamic business environment.[2]

ERP systems go beyond just managing daily operations; they
also play a critical role in supporting long-term planning and
strategic decision-making. They offer tools that help leaders
forecast future trends, evaluate performance against targets, and
identify areas for improvement or investment. By providing
accurate and timely data, ERP systems enable organizations to
make proactive decisions that contribute to growth, risk
mitigation, and competitive advantage.[7]

Among the most significant advantages of ERP systems is their
ability to consolidate all business functions into one centralized
platform. This consolidation eliminates the need for multiple
standalone software applications and reduces redundancy,
errors, and inefficiencies. Furthermore, ERP systems maintain a
comprehensive record of all business transactions, from
financial entries to customer interactions, creating a reliable
source of historical data.[11]

In addition, ERP allows companies to monitor operational
performance continuously and in real time. Managers and
executives can access dashboards, performance indicators, and
customized reports that offer a clear view of current operations,
resource usage, and productivity levels. These insights are
essential for making informed decisions, optimizing processes,
and ensuring that the business remains on track to meet its
goals.[2]

Overall, ERP systems provide the visibility, control, and
intelligence needed to run a modern organization effectively.
They transform data into actionable insights and support both
the everyday functioning and strategic direction of the business.
By integrating processes, improving transparency, and enabling
smarter decisions, ERP systems serve as a foundational tool for
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companies striving for operational excellence and long-term
success.[12]

According to Kreuzberger et al. [13], machine learning can be
broadly defined as a type of computer program that has the
ability to alter its internal structure or stored data in response to
various external inputs or changing environmental conditions.
This transformation or adaptation is not static; rather, it enables
the program to become increasingly effective over time. The
significance of this lies in the system’s ability to modify its own
behavior based on previously encountered situations or data,
thus providing a foundation for what is known as future self-
improvement. In other words, the computer system “learns”
from experience in a manner akin to human learning, allowing
it to perform better in subsequent tasks based on what it has
previously observed or processed.

To better illustrate this concept, Li et al. [14]offer a practical
example involving speech recognition software. If a speech
recognition program is exposed to a wide range of vocal
samples, it gradually becomes more adept at interpreting
different voices and accents. Through repeated exposure to
varied speech patterns and tones, the program refines its
algorithms to improve accuracy. This continuous adaptation
and enhancement validate that the system has “learned” from
the accumulated data. As further emphasized by Wu et al. [15],
this process represents a fundamental justification for
describing machine behavior as intelligent or capable of
learning, especially when the performance noticeably improves
after repeated exposure to relevant inputs.

Witten by Watson (2023) [16] takes a slightly different and
more philosophical approach to defining machine learning. He
argues that the concept of “learning” is often tied more closely
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to philosophical discourse than to strictly technical definitions
in computer science or information technology. According to
Witten by Barbierato et al. [17] , the challenge lies in the
ambiguity of defining what it truly means for a machine to
learn, as this often leads to interpretations that may contradict
the actual, observable behaviors of machine learning models.
Nonetheless, Bell (2022) provides a working definition, stating:
“Machines or computer programs learn when they change their
behavior in a way that makes them perform better in the
future.” This definition emphasizes behavior modification with
the goal of improved performance, offering a practical
framework for identifying and understanding learning within
artificial systems[18].

Machine learning, while promising and highly powerful, also
introduces its own unique challenges and technical
complexities. One critical aspect that plays a significant role in
the success of a machine learning model is feature engineering.
This process involves constructing new input variables—or
features—from existing raw data that can improve the
predictive power of the model. The quality and relevance of
these engineered features can significantly influence the
effectiveness of machine learning algorithms. For instance, in
time series forecasting, trends and seasonality often distort
simple predictive models [19].

In addition to feature engineering, another common issue in
machine learning is model fitting. Models may suffer from
overfitting, where they perform very well on training data but
fail to generalize to unseen or real-world data. Conversely,
under fitting occurs when a model is too simplistic to capture
the underlying complexity of the data, resulting in poor
performance both during training and in application. Striking
the right balance between these extremes is crucial for ensuring
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that the model accurately reflects real-world patterns without
becoming overly reliant on specific training examples[20].

Moreover, time series forecasting and machine learning are not
mutually exclusive methodologies. In fact, combining them can
yield enhanced performance and broader insight. Traditional
time series analysis techniques are well-suited for decomposing
data into components such as trend, seasonality, and noise[21].

These decomposed components can then be fed into a machine
learning model as features. When time series patterns are
integrated into the training data of a machine learning
algorithm, the resulting hybrid model benefits from the
structure provided by time series analysis and the predictive
power and flexibility of machine learning[22]. This fusion of
methodologies allows analysts to capitalize on the strengths of
both domains, leading to more robust and accurate predictions.

Over the past two decades, the use of machine learning models
for forecasting has grown exponentially. These models have
garnered increasing attention from both researchers and
practitioners due to their flexibility, adaptability, and accuracy.
Often referred to as black-box or data-driven models, they
represent a significant departure from traditional statistical
forecasting techniques. Unlike classical models that rely on
predefined equations and parametric assumptions, machine
learning models operate as nonparametric and nonlinear tools
that learn exclusively from historical data. This enables them to
capture complex patterns and relationships that might be
difficult or impossible to model using traditional statistical
methods [23].

In this context, machine learning models are particularly
valuable for discovering stochastic dependencies between past
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and future events without requiring explicit human-defined
rules. They allow systems to evolve and adapt continuously,
making them ideal for dynamic environments where patterns
shift over time and data streams are vast and varied. This
capability has positioned machine learning as a transformative
force within the forecasting community, enabling more accurate
predictions in areas ranging from finance and supply chain
management to sales, marketing, and beyond [23].

3. Research Problem

Enterprise Resource Planning (ERP) systems have become
indispensable to the operational backbone of modemn
organizations. Across diverse industries, these systems facilitate
the seamless integration of core business functions—ranging
from finance and inventory management to procurement,
human resources, and sales—by offering a centralized platform
for storing and analyzing operational data. Within this
integrated framework, the Sales Management Module plays a
vital role in supporting revenue-generating activities by
monitoring sales transactions, customer interactions, pricing
strategies, and performance metrics—elements that are critical
for strategic growth and competitiveness.[24]

In today’s dynamic and highly competitive market
environment, accurate sales forecasting is not just beneficial but
essential. It underpins both short-term operational efficiency
and long-term strategic planning by enabling organizations to
estimate future demand, establish achievable revenue targets,
and manage expected cash flows. However, while ERP systems
contain extensive historical sales data, many of their built-in
forecasting modules rely on relatively basic statistical
techniques—such as simple moving averages or linear
extrapolation. These conventional methods are often static,
assume linearity, and are poorly equipped to handle the
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nonlinear patterns, seasonal fluctuations, or sudden market
shifts that characterize real-world sales environments.[25]

This limitation presents a critical gap in the forecasting
capabilities of traditional ERP systems. They typically lack
adaptability and fail to leverage the full predictive potential of
the rich, high-dimensional sales data they store. To address this,
the integration of more sophisticated forecasting models—such
as Autoregressive Integrated Moving Average (ARIMA) and
machine learning (ML) algorithms—becomes not only relevant
but necessary. Unlike basic ERP forecasting tools, ARIMA is
capable of capturing temporal dependencies and trends in time-
series data, while machine learning methods can uncover
complex, nonlinear relationships and latent variables, including
seasonality effects, customer behavior trends, promotional
impacts, and macroeconomic influences.[26]

By applying ARIMA and machine learning techniques to ERP-
generated sales data, organizations can transform static
historical records into dynamic, predictive insights. This data-
driven approach substantially enhances the accuracy and
responsiveness of sales forecasts. For executive leadership, it
means more informed revenue projections, optimized resource
allocation, and improved strategic agility. For operational and
middle management, it enables better planning of sales targets,
inventory control, and marketing strategies, thereby ensuring
alignment with market realities.[27]

In conclusion, this research addresses a crucial gap in existing
ERP forecasting capabilities by demonstrating how advanced
models like ARIMA and ML can overcome the rigidity and
limited scope of traditional forecasting tools. Integrating these
techniques enables ERP systems to evolve from transactional
data repositories into intelligent, proactive forecasting engines
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that support informed, agile decision-making at all levels of the
organization.[28]

4. Research Objectives

This research aims to explore the integration of machine
learning techniques into ERP systems to significantly improve
the accuracy and effectiveness of sales forecasting. As
organizations continue to operate in increasingly competitive
and data-driven environments, the need for intelligent
forecasting tools that can offer both operational and strategic
value has become more urgent. The following objectives define
the scope and direction of this study:

e Propose a Framework for Enhanced Sales Forecasting

The research will develop a comprehensive framework
designed to enhance the accuracy, reliability, and timeliness of
sales forecasts. This framework will incorporate data science
methodologies, particularly machine learning, and align them
with ERP system capabilities. The proposed model will be
structured to adapt to various business environments and
industries, ensuring its scalability and practical applicability.

e Apply Machine Learning Techniques to ERP Data

One of the core objectives is to apply advanced machine
learning algorithms to historical ERP sales data in order to
generate predictive insights. Techniques such as regression
analysis, time-series forecasting, and neural networks will be
explored. The aim is to identify which algorithms are most
effective in improving forecast precision and what types of data
inputs (e.g., seasonal trends, customer behavior, external
variables) most influence forecast outcomes.

e Support Strategic Business Planning for Top

Management

By generating more accurate sales forecasts, the study seeks to
empower top-level executives with reliable data-driven insights.
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These insights will support strategic decision-making related to
market expansion, resource investment, production planning,
and risk management. Accurate forecasting enables leadership
to set long-term business plans based on realistic projections,
rather than assumptions or outdated historical averages.

e Improve Forecasting of Incoming Cash Flows

Sales forecasting plays a critical role in predicting cash inflows,
which are essential for budgeting, liquidity management, and
capital planning. By enhancing forecast precision, this research
aims to improve the organization's ability to anticipate and plan
for financial cycles, ensuring better cash flow stability and
minimizing financial risk.
e Assist Middle Management in Sales Targeting and
Short-Term Planning

Middle managers, including sales and operations leads, often
rely on forecast data to set monthly or quarterly sales targets,
manage inventory, and schedule workforce activities. This
research aims to provide these managers with detailed, data-
backed forecasts that enable them to set more achievable and
accurate sales goals. In doing so, it enhances accountability and
operational efficiency at the departmental level.

e Increase Sales Revenue and Profitability

Ultimately, the integration of machine learning with ERP
systems for forecasting is expected to lead to improved sales
performance. With better insights into future demand,
companies can optimize marketing campaigns, reduce
overstock or understock situations, and align their resources
more effectively. These improvements will contribute directly
to increased revenue generation and higher profit margins.

5. Importance of Research

Sales forecasting is one of the most critical components for the
sustainable growth and strategic planning of any business. As a
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predictive tool, it plays a central role in ensuring that companies
can anticipate market demand, allocate resources efficiently,
and maintain control over their cash flow. [29]This research
explores how integrating ARIMA machine learning technique
with ERP systems can elevate the accuracy and impact of sales
forecasting, making it an essential area of study for modern
organizations.

At its core, sales forecasting enables businesses to predict their
future performance by estimating revenues, costs, and overall
market demand. These estimates allow firms to make informed
decisions related to inventory planning, workforce
management, production scheduling, and financial budgeting.
Accurate sales forecasting supports both short-term operational
planning and long-term strategic growth, reducing uncertainty
and enhancing the organization's responsiveness to market
dynamics.[30]

From a departmental perspective, sales forecasting influences a
wide range of business functions. In operations, it helps
determine inventory levels and supply chain logistics. In
marketing, it guides promotional strategies and campaign
timing. In sales, it supports target setting, resource deployment,
and sales team performance measurement. In production, it
ensures that manufacturing processes align with expected
demand, preventing overproduction or stock outs. In finance,
sales forecasts directly impact budget planning, investment
strategies, and risk assessments. Therefore, forecasting is not an
isolated task—it is a central element in cross-functional
business management.[31]
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One of the most fundamental uses of forecasting at the
organizational level is determining the company’s potential
market share. The ability to anticipate how much of the market
a firm can capture within a certain timeframe is vital for setting
realistic business goals and assessing competitive positioning.
These forecasts help the management define the strategic
direction of the business, including expansion plans, product
development, pricing strategies, and customer engagement
initiatives.[32]

All business planning begins with a solid forecast. By
estimating the type, quantity, and quality of future sales,
businesses can determine sales goals, allocate budgets, and
identify areas for growth or cost optimization. The output of
sales forecasting influences both the setting of sales targets for
teams and the development of broader organizational strategies.
It acts as a guiding framework for executives and decision-
makers across all levels of the company.[33]

A key pillar of reliable forecasting is access to complete,
accurate, and up-to-date data. ERP systems (Enterprise
Resource Planning) are comprehensive platforms that integrate
all major functions within an organization—such as finance,
sales, procurement, inventory, and human resources—into a
single, centralized system. Because of this integration, ERP
systems serve as a trustworthy source of business data, offering
consistency, real-time access, and historical records across all
departments. This makes ERP data an ideal foundation for
accurate and insightful forecasting.[34]

By leveraging machine learning techniques, the data collected
and managed by ERP systems can be transformed into powerful
predictive insights. Machine learning, which enables computer
systems to learn patterns and relationships from data, has
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emerged as a transformative tool in business analytics. Unlike
traditional forecasting methods, which may rely on fixed
formulas or assumptions, machine learning algorithms can
dynamically adapt to new data, uncover hidden trends, and
improve over time as more data becomes available.[35]

In the context of sales forecasting, machine learning can deliver
higher accuracy by analyzing vast amounts of historical sales
data, recognizing seasonality patterns, understanding customer
behavior, and even factoring in external influences such as
economic indicators or market events. The integration of
machine learning models with ERP data can help businesses
move from reactive to proactive planning—identifying risks
and opportunities in advance and allowing for more agile
decision-making.[36]

Moreover, the efficiency of machine learning-based forecasting
models reduces the burden on human analysts, accelerates the
forecasting process, and enhances the precision of predictions.
As a result, businesses can make faster, smarter, and more
confident decisions—ultimately driving revenue growth,
improving customer satisfaction, and strengthening competitive
advantage.[37]

In conclusion, the importance of this research lies in its
potential to bridge the gap between raw enterprise data and
actionable business intelligence. By combining the data
reliability of ERP systems with the analytical power of machine
learning, organizations can revolutionize their approach to sales
forecasting. This will not only optimize internal processes and
resource utilization but also provide a solid foundation for
strategic planning, performance monitoring, and long-term
business success.[38]
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6. The Proposed Framework

This comprehensive framework leverages the richness of ERP
sales data and applies classical time series analysis through the
ARIMA model to produce precise and actionable sales
forecasts. Through careful data extraction, preprocessing, and
model calibration, organizations will gain a strategic advantage
in planning, resource management, and revenue growth. This
ARIMA-based approach not only enhances forecasting
accuracy but also transforms sales data into a powerful
decision-support tool across all organizational levels.

Phase One Phase Two Phase Three

- - Data Preprocessing

Data Extraction from

Dnl:a Data

Conduct Forecasting
base on ARIMA

Machine Learning
technique

Fig (1): Proposed Framework to Enhance ERP Forecasting using ARMIA Technique

First Phase: Data Extraction from ERP System

The initial phase focuses on extracting relevant sales data from
the organization’s ERP system. This data will serve as the
foundation for all subsequent forecasting activities.[39]

Scope of Extraction:

Data will be extracted from the sales-related tables within the
ERP system of the company

Key Data Attributes:
The extraction will include critical sales fields such as:
e Customer information (name, address)
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e Sales revenues and profits

¢ (Quantity of units sold

e Date of sale (timestamp)

e Unit type or product category
e Sales district or region

Data Integrity:

Ensuring that the extracted data is complete and consistent
across all departments is essential. Extraction scripts will verify
data integrity and handle any initial formatting issues.[40]
Second Phase: Data Preprocessing

Preprocessing is a critical step to prepare the raw ERP data for
input into forecasting models, ensuring higher accuracy and
performance.[41]

Data Cleaning:

e Handle missing values through imputation techniques

(mean, median, or model-based filling) or by removing
records with insufficient data.

e Remove noisy or erroneous data using methods like binning
(grouping continuous values), regression analysis for error
correction, or clustering to identify anomalies.

e Correct inconsistencies such as duplicate records or
contradictory entries.

e Detect and eliminate outliers which could skew model
training and results.

Data Transformation:
e Normalize or scale numerical features to standardize the

data ranges, improving the learning efficiency of machine
learning algorithms.
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e Encode categorical variables (e.g., sales district, unit type)
into numerical forms using one-hot encoding or label
encoding to allow algorithm compatibility.

Data Reduction:

e Perform feature selection to retain only the most relevant
variables that significantly influence sales trends, removing
redundant or irrelevant attributes.

e Apply dimensionality reduction techniques (e.g., Principal
Component Analysis) to simplify complex datasets while
preserving essential information.

Third Phase: Application of ARIMA Module

This phase applies ARIMA model to the cleaned and prepared
data, combining both traditional statistical approaches and
modern machine learning techniques for robust and accurate
sales predictions.[42]

ARIMA (AutoRegressive Integrated Moving Average)
Purpose:

ARIMA i1s employed to model and forecast sales data based on
its historical patterns, particularly useful for capturing linear
trends and seasonality in time series data.[43]

Implementation:

The ARIMA model will be configured with appropriate order
parameters (p, d, q) determined by analyzing autocorrelation
and partial autocorrelation plots. Differencing will be used to
stabilize trends, while seasonal ARIMA (SARIMA) extensions
may be applied to handle seasonal fluctuations.[43]

Strengths:
It is interpretable and effective for short-term forecasting where
past sales data strongly influences future values.
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Model Training, Validation, and Integration

Data Splitting:

The dataset will be split into training and testing sets, ensuring
that models are evaluated on unseen data to avoid overfitting.
Cross-Validation:

Time series cross-validation methods, such as rolling window
validation, will be used to tune model parameters and assess
performance consistency over different time periods.[44]
Model Evaluation Metrics[45]

Performance of each forecasting model will be quantitatively
evaluated using:

Mean Absolute Error (MAE): Measures average absolute
difference between predicted and actual sales.

Root Mean Squared Error (RMSE): Penalizes larger errors
more heavily, useful for understanding forecast variance.

Mean Absolute Percentage Error (MAPE): Expresses
accuracy as a percentage, helpful for comparing across different
sales scales.

Models will be selected or combined based on these metrics to
ensure the best overall forecasting results.

7. Proposed Framework Implementation

Phase 1: Data Extraction from ERP System
ERP data were extracted from the Sales module of company's
ERP system. Key variables included:

e Sales revenue (y t)

Quantity sold (q_t)

Profit (n_t)

Sale date (t)

e Unit type and sales district

A structured SQL query was executed to extract transactional
records spanning over three years, exported in .csv format for
further analysis.
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Phase 2: Data Preprocessing

Before modeling, the data was preprocessed using standard
techniques:

2.1 Missing Value Handling

Missing entries were imputed using the mean for continuous
variables and mode for categorical variables.[46]

2.2 Outlier Removal
The Z-score method was used to remove extreme values:[47]

(= )

Where:

X is a data point,

u is the mean,

o is the standard deviation.

2.3 Normalization

Feature scaling was applied using Min-Max Normalization:[48]

! xT Linin
r —

Tnazx LTmin

2.4 Feature Selection
Dimensionality reduction was applied using Correlation
Analysis to remove redundant features.[49]

Phase 3: Model Implementation

ARIMA (Autoregressive Integrated Moving Average)

The ARIMA (p,d,q) model was utilized as a classical univariate
time series forecasting approach to model and predict monthly
sales trends based on ERP system data spanning three years.
The ARIMA model captures autocorrelation (AR), integration
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(differencing for stationarity), and moving average (MA)
components, making it suitable for modeling linear temporal
structures in sales time series.[50]

General Equation:

E = ¢ (f)l}/;—l e e gbpﬂ—p | l9.'[“5#.—1 Foee e 6:;'51—:;
Where:
Y : Sales at time t
c: Constant

®; : AR coefficients
0i: MA coefficients
& : White noise error
d: Degree of differencing to ensure stationarity
Step-by-Step Procedure:
1. Stationarity Check and Differencing (d)

e The Augmented Dickey-Fuller (ADF) test was applied to
assess the stationarity of the raw sales series.

e The null hypothesis of a unit root was not rejected at the
5% level (p > 0.05), indicating non-stationarity.

e First-order differencing (d=1d = 1d=1) was applied, after
which the ADF test showed a p-value < 0.01, confirming
stationarity of the transformed series.

ADF Test (Original Series): p = 0.54
ADF Test (After First Differencing): p = 0.012
2. ACF and PACF Analysis (for p and q)

o Autocorrelation  Function (ACF) and  Partial
Autocorrelation Function (PACF) plots of the differenced
series were used to guide the initial selection of
parameters:

o ACF showed significant spikes at lag 1 and lag 2
o PACEF showed significant spike at lag 1 only
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This suggested an initial configuration of p=1, q=2

3. Model Selection Using AIC/BIC

A grid search approach was conducted over a range of
values (p,d,q) € [0-3], optimizing for the lowest Akaike
Information Criterion (AIC) and Bayesian Information
Criterion (BIC) values.

Final selected model: ARIMA(1,1,2) with lowest AIC =
922.84 and BIC = 933.10.

Seasonality Check and SARIMA Consideration

A seasonal decomposition of the time series (using STL)
revealed monthly seasonality with a clear 12-month
cycle.

As a result, SARIMA was also evaluated with seasonal
parameters: (P,D,Q,s)=(1,1,1,12), where:

s=12 for monthly data

D=1 to account for seasonal stationarity

However, SARIMA did not significantly outperform
ARIMA in terms of AIC/BIC or forecasting accuracy (see
evaluation metrics), so the non-seasonal ARIMA(1,1,2)
model was retained for its parsimony and interpretability.

Model Evaluation

Each model was evaluated using:
1. Root Mean Squared Error (RMSE)
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2. Mean Absolute Error (MAE)

T

ey
N APE — 100% E

Te .
i—1

3. Mean Absolute Percentage Error (MAPE)

1 L ~
MAE = n ; |y-e ya"
8. Results and Analysis
1. Model Performance Overview

The performance of the ARIMA forecasting model was
evaluated based on standard error metrics including RMSE,
MAE, and MAPE. The model was trained using historical ERP
sales data collected over a period of three years and tested on
the most recent quarterly data.

Model  RMSE MAE MAPE (%) |
ARIMA 12,380.56 9,214.33  14.62
Interpretation:

e The ARIMA model demonstrated solid performance as a
classical statistical forecasting method, providing a clear and
interpretable approach to modeling time-series sales data.

e While ARIMA may not capture highly non-linear or multi-
dimensional interactions present in complex datasets, it
remains robust in modeling linear trends and seasonality
inherent in ERP sales data.
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e The model's performance suggests it is particularly well-
suited for use cases where transparency, simplicity, and
explainability are critical, such as reporting and routine
demand planning.

2. Model Deployment Potential

ARIMA is suitable for integration with ERP systems, especially
in environments with relatively stable sales patterns. Its
computational efficiency and interpretability make it a reliable
choice for periodic forecasting tasks and for benchmarking
more advanced methods in future expansions.

9 Conclusion:

The study confirms that classical time series models like
ARIMA can effectively support ERP-based sales forecasting by
delivering reliable and interpretable results. Using historical
ERP sales data, the proposed framework demonstrated that
ARIMA is a practical solution for organizations seeking to
enhance their forecasting capabilities without the complexity of
advanced machine learning models. This ARIMA-based
approach enables consistent, data-driven decision-making that
supports strategic planning, resource allocation, and operational
efficiency across various organizational levels. While it may
serve as a foundation for future model enhancements, ARIMA
on its own provides a strong baseline for sales forecast accuracy
and business insight.
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