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ABSTRACT

Micro and small enterprises often experience difficulties in estimating future product
demand because purchasing and inventory decisions are frequently based on recent
sales observations or personal judgement rather than systematic forecasting. This can
contribute to stock shortages, unnecessary inventory, product wastage, and inefficient
resource allocation. This research addresses this problem through the development of
a Product Demand Prediction component for the Smart-Cost platform, with the
objective of transforming historical Point-of-Sale (POS) transactions into actionable
product-level demand forecasts. The proposed approach prepares daily demand
histories from sales records and applies two complementary forecasting techniques:
Prophet, for modelling temporal trends and seasonal patterns, and a Multilayer
Perceptron (MLP) neural network, which learns nonlinear relationships from seven-
day historical demand sequences. A Hybrid Demand Prediction approach was
subsequently designed to utilize the complementary forecasting characteristics of the
two models. The component was implemented using Python-based machine-learning
services and integrated with the Smart-Cost backend and user interfaces, enabling
product-specific forecasting, model comparison, and historical demand analysis across
7-, 30-, and 365-day periods. Model performance was assessed using Mean Absolute
Error (MAE), Mean Squared Error (MSE), and Root Mean Squared Error (RMSE).
During experimental evaluation of the Bread product, the neural-network model
achieved an MAE of 2.43, MSE of 8.61, and RMSE of 2.94, demonstrating the
feasibility of predicting short-term product demand from historical sales patterns. The
individual contribution of this research comprises demand-data preparation,
development and evaluation of the Prophet and neural-network forecasting models,
design of the hybrid forecasting approach, and integration of the prediction workflow
into Smart-Cost . The findings establish a practical foundation for data-driven demand
planning within micro-SME environments while identifying real-world dataset
validation and further hybrid-model optimization as important areas for future

research.

Keywords: Product Demand Prediction, Demand Forecasting, Prophet, Neural

Network, Hybrid Forecasting
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1 INTRODUCTION

Accurate estimation of future product demand is an important requirement for
businesses that must make purchasing, production, and inventory decisions before
actual customer demand becomes known. This challenge is particularly significant for
micro and small enterprises because they often operate with limited working capital,
restricted storage capacity, and relatively small inventory buffers. An inaccurate
estimation of demand can therefore affect both product availability and operating
costs. Retail forecasting research has consequently received considerable attention,
with forecasting methods increasingly being incorporated into operational decision-

making processes [1].

Point-of-Sale (POS) systems generate valuable historical information through
everyday business transactions. Each completed sale can provide details such as the
product, quantity, transaction date, and sales value. When these records are
systematically organized, they provide a historical representation of product demand.
However, conventional sales records primarily describe past events. The additional
challenge is to transform historical transactions into predictive information that can

assist businesses in estimating what may occur in future periods.

Demand forecasting is complex because product sales do not necessarily remain
constant over time. Products may exhibit trend, weekly variation, seasonal behaviour,
irregular demand, and nonlinear relationships. Different products may also
demonstrate substantially different demand characteristics [18]. Consequently,
applying one forecasting mechanism to every product without considering the
characteristics of the underlying sales series may restrict forecasting effectiveness.
Research has therefore explored statistical forecasting, machine learning, artificial
neural networks, and hybrid forecasting approaches for retail and supply-chain

demand prediction [5], [7], [9].

This research investigates Product Demand Prediction within the Smart-Cost
platform. The proposed component transforms historical POS transactions into
product-level daily demand series and applies forecasting algorithms to estimate future

quantities. Two complementary forecasting approaches are investigated. The first is




Prophet, which was introduced for practical business time-series forecasting and
provides mechanisms for modelling temporal patterns [2]. The second is a Multilayer
Perceptron (MLP) neural network, which learns nonlinear relationships from recent
historical demand observations. Neural-network forecasting has previously

demonstrated potential for modelling complex sales relationships [3], [5].

The research further investigates a Hybrid Demand Prediction approach using the
complementary forecasting characteristics of Prophet and MLP. This direction is
supported by previous studies demonstrating the potential of hybrid and ensemble
strategies in demand forecasting [4], [9]. In addition to model development, the
research addresses data preprocessing, quantitative model evaluation, backend
integration, and delivery of forecasts through Smart-Cost . Therefore, the study treats
Product Demand Prediction as an integrated forecasting capability rather than an

isolated machine-learning experiment.

1.1 Overall project context

Smart-Cost is a digital business-management platform designed to support micro and
small enterprises by combining operational transaction management with data-driven
analytical capabilities. Businesses using digital POS applications continuously
generate transaction information during normal sales activities. Although this
information is initially collected for operational purposes such as billing and sales
recording, historical POS data can also provide a valuable basis for understanding

product-demand behaviour and supporting future business decisions.

Retail businesses regularly need to determine how much inventory should be
purchased, maintained, or prepared for future sales periods. This decision is difficult
because future customer demand is unknown at the time inventory decisions are made.
Retail forecasting research has shown that forecasting is affected by several factors,
including the level of data aggregation, product characteristics, temporal variation,
promotions, and the operational context in which forecasts are used [1]. Product-
demand forecasting is therefore particularly valuable when historical transaction

information can be transformed into actionable predictions.




Within Smart-Cost , historical POS transactions provide the data foundation for this
capability. Sales records associated with individual products can be aggregated
according to date to determine the total quantity sold during each day. This creates a
chronological representation of product demand that can be analysed using forecasting
algorithms. The resulting predictions can then be made available through the Smart-

Cost environment to assist with inventory and operational planning.

The Smart-Cost platform has progressed beyond an experimental software prototype.
The system is currently available through mobile application distribution platforms,
including the Google Play Store and Apple App Store, while a web-based version has
also been developed. The platform has established a customer base exceeding 30
customers. This deployment context is important to the present research because
Product Demand Prediction is intended to operate as part of a real business-
management ecosystem rather than solely as an independent forecasting
demonstration. Within this environment, Product Demand Prediction extends the role
of historical POS data from retrospective reporting toward predictive decision support.
By converting accumulated sales records into future demand estimates, Smart-Cost
can provide businesses with information that supports more informed product
planning.
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Figure 1:Position of the Product Demand Prediction component within

the SmartCost solution




1.2 Individual component context

The individual research component addressed in this thesis is Product Demand
Prediction. The purpose of the component is to use historical product-sales information
captured through Smart-Cost to estimate future demand at individual-product level.
The component is designed to move beyond conventional historical reporting by
converting past sales quantities into forecasts that can assist users when making
inventory and product-planning decisions.The forecasting process begins with POS
transaction information. Since multiple sales transactions for the same product may
occur on a single day, raw transaction records are aggregated according to product and
date. This produces a chronological daily-demand series in which each observation
represents the total quantity of a specific product sold on a particular day. Maintaining
chronological order is important because forecasting depends on temporal

relationships between historical observations.

Two forecasting approaches were developed for the component. The first is Prophet,
a forecasting method developed for business time-series applications [2]. Prophet is
suitable for investigating temporal patterns such as trend and recurring seasonality
within historical product demand. The second approach is an MLP neural network.
Artificial neural networks are capable of modelling nonlinear relationships and have
been widely investigated for forecasting applications [5]. The implemented MLP uses
a seven-day sliding window, where recent daily-demand observations are used to

estimate subsequent product demand.

The individual component additionally investigates a Hybrid Demand Prediction
approach. The motivation for this approach is that Prophet and MLP represent
historical demand differently. Prophet focuses on temporal structure and seasonality,
whereas the MLP learns nonlinear relationships from recent demand observations.
Previous demand-forecasting research has demonstrated the potential value of
combining multiple predictive techniques rather than depending entirely on a single

model [4], [9].




The component also includes preprocessing, model training, prediction generation,
model evaluation, and software integration. Forecasting performance is assessed using
error measures including Mean Absolute Error (MAE), Mean Squared Error (MSE),
and Root Mean Squared Error (RMSE). The resulting forecasting workflow is
integrated with Smart-Cost so that predictive information can be accessed within the
operational application environment.
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(et e
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Figure 2:Product Demand Prediction workflow within the SmartCost POS platform
1.3 Problem statement

Micro and small enterprises must frequently determine future product requirements
without knowing the exact quantity that customers will purchase. These decisions may
involve inventory replenishment, ingredient purchasing, product preparation, or stock
allocation. When such decisions are primarily based on personal judgement or simple
observation of recent sales, changes in demand patterns may not be systematically

identified.

Underestimating future demand can result in insufficient stock and missed sales
opportunities. Conversely, overestimating demand can create excess inventory,
increase holding costs, and potentially contribute to wastage. These consequences are
particularly important for short shelf-life products. Research by Doganis et al.
investigated forecasting specifically for short shelf-life food products, illustrating the
operational importance of reliable sales estimation in environments where excess

inventory may rapidly lose value [8].




Historical POS transactions contain information that can support more systematic
forecasting. However, raw transaction records do not directly provide future-demand
estimates. Transactions must first be filtered by product, aggregated according to time,
cleaned, chronologically organized, and transformed into a representation suitable for
forecasting. An appropriate predictive model must then learn useful relationships from

the resulting historical observations.

A further challenge is that product demand does not necessarily follow one universal
pattern. Syntetos, Boylan, and Croston demonstrated the importance of recognizing
differences between demand patterns [18]. A product exhibiting strong recurring
seasonality may require different predictive characteristics from a product whose
demand is influenced predominantly by recent changes. Therefore, reliance on a single

forecasting mechanism may restrict adaptability across different products.

The problem addressed by this research is therefore the lack of an integrated
mechanism within Smart-Cost for systematically transforming historical POS
transactions into product-specific future demand predictions using complementary
forecasting techniques. The proposed solution must process historical sales, generate
reliable forecasts, quantitatively evaluate prediction errors, and deliver the resulting
information through the Smart-Cost application environment. Addressing this
problem can transform existing transactional data into actionable information for

inventory and operational decision support.

1.4 Research gap

Existing literature demonstrates substantial progress in retail forecasting and product-
demand prediction. Traditional statistical forecasting methods, machine-learning
algorithms, neural networks, and hybrid techniques have all been applied to sales and
supply-chain forecasting problems [1], [5], [7]. Consequently, the research gap
addressed in this study is not simply the absence of forecasting algorithms. Instead, it
concerns their selection, complementary use, and operational integration for product-

level forecasting within a micro-SME POS environment.




The first identified gap concerns heterogeneous product-demand behaviour. Individual
products can exhibit different patterns of demand. Syntetos, Boylan, and Croston
emphasized the importance of demand-pattern categorization [18], while Mejia and
Aguilar investigated product categories defined according to their time-series
characteristics and applied ensemble-learning techniques [4]. These studies indicate
that assuming one forecasting model will perform equally well for every product may

be inappropriate.

The second gap concerns the complementary characteristics of different forecasting
paradigms. Prophet provides an approach designed for practical business time-series
forecasting [2], while neural networks can model nonlinear relationships within
historical observations [5]. Each technique approaches forecasting differently. This
creates an opportunity to investigate whether their complementary characteristics can
be utilized within a hybrid product-demand forecasting workflow. Previous research
has demonstrated the potential of hybrid approaches in demand forecasting and

supply-chain management [9].

A third gap exists between forecasting experiments and operational forecasting
systems. Many forecasting studies primarily concentrate on model performance using
prepared datasets. In a deployed POS environment, however, an end-to-end
forecasting capability requires transaction retrieval, product-level aggregation, data
preprocessing, chronological model training, forecast generation, quantitative

evaluation, backend communication, and presentation of predictions to business users.

This research addresses these gaps through the development of a Product Demand
Prediction framework specifically integrated with Smart-Cost . The proposed
framework combines historical POS data preparation, Prophet forecasting, MLP-based
nonlinear prediction, hybrid forecasting, model evaluation, and application-level
integration. The intended research contribution therefore lies in developing and
evaluating an integrated forecasting workflow suitable for practical product-level
demand prediction rather than claiming the invention of the underlying Prophet or

neural-network algorithms.




1.5 Aim and objectives

The main aim of this research is to design, develop, evaluate, and integrate a Product
Demand Prediction component for Smart-Cost that uses historical POS sales data and
complementary forecasting techniques to estimate future product demand for micro

and small enterprises.
To achieve this aim, the research establishes several specific objectives.

The first objective is to develop a structured data-preparation process for product
demand forecasting. Raw POS transaction information must be transformed into
chronological daily-demand series by identifying products, processing transaction
dates, aggregating quantities, handling unsuitable observations, and preparing model-

specific input structures.

The second objective is to develop a Prophet-based product-demand forecasting
model. Prophet was selected because of its suitability for business time-series
forecasting and its ability to represent temporal structure [2]. The model is intended to
identify relevant patterns within historical product demand and generate future

product-level forecasts.

The third objective is to develop an MLP neural-network model for short-term
product-demand prediction. The model uses a seven-day sliding window to represent
recent historical demand and learns a nonlinear relationship between these
observations and subsequent demand. The use of neural networks is supported by
previous forecasting research demonstrating their ability to model nonlinear time-

series relationships [5].

The fourth objective is to investigate a Hybrid Demand Prediction approach that
utilizes information from Prophet and MLP. This objective is motivated by previous
research demonstrating the potential value of hybrid and ensemble forecasting

strategies [4], [9].




The fifth objective is to evaluate forecasting performance quantitatively using

appropriate error measures, including MAE, MSE, and RMSE. Forecast-accuracy

measurement is essential for objectively comparing predicted values with actual

observations [17].

The final objective is to integrate the forecasting workflow into Smart-Cost , enabling

historical product data to be retrieved, processed, forecast, evaluated, and delivered

through the application environment. Together, these objectives establish a complete

progression from historical POS transactions to operational product-demand decision

support.

Table 2:Research objectives of the Product Demand Prediction component

Objective Description

o1 Transform historical POS transactions into chronological product-
level daily-demand series.

o0 Develop a Prophet model for product-demand forecasting using
historical time-series data.

03 Develop an MLP neural-network model using a seven-day
historical demand window.

o4 Investigate a Hybrid Demand Prediction approach using Prophet
and MLP outputs.

05 Evaluate forecast performance using MAE, MSE and RMSE.

06 Integrate the forecasting workflow with the Smart-Cost backend
and user interface.

1.6 Research questions or hypotheses

The main aim of this research is to design, develop, evaluate, and integrate a Product

Demand Prediction component for Smart-Cost that uses historical POS sales data and




complementary forecasting techniques to estimate future product demand for micro

and small enterprises.

To achieve this aim, the research establishes several specific objectives.

The first objective is to develop a structured data-preparation process for product
demand forecasting. Raw POS transaction information must be transformed into
chronological daily-demand series by identifying products, processing transaction
dates, aggregating quantities, handling unsuitable observations, and preparing model-

specific input structures.

The second objective is to develop a Prophet-based product-demand forecasting
model. Prophet was selected because of its suitability for business time-series
forecasting and its ability to represent temporal structure [2]. The model is intended to
identify relevant patterns within historical product demand and generate future

product-level forecasts.

The third objective is to develop an MLP neural-network model for short-term
product-demand prediction. The model uses a seven-day sliding window to represent
recent historical demand and learns a nonlinear relationship between these
observations and subsequent demand. The use of neural networks is supported by
previous forecasting research demonstrating their ability to model nonlinear time-

series relationships [5].

The fourth objective is to investigate a Hybrid Demand Prediction approach that
utilizes information from Prophet and MLP. This objective is motivated by previous
research demonstrating the potential value of hybrid and ensemble forecasting

strategies [4], [9].

The fifth objective is to evaluate forecasting performance quantitatively using
appropriate error measures, including MAE, MSE, and RMSE. Forecast-accuracy
measurement is essential for objectively comparing predicted values with actual

observations [17].
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The final objective is to integrate the forecasting workflow into Smart-Cost , enabling
historical product data to be retrieved, processed, forecast, evaluated, and delivered
through the application environment. Together, these objectives establish a complete
progression from historical POS transactions to operational product-demand decision

support.

1.7 Scope limitations and assumptions

The scope of this research is limited to Product Demand Prediction within Smart-Cost
. The study focuses on converting historical POS sales information into product-level
daily-demand series and using those observations to estimate future product quantities.
Other analytical components of Smart-Cost are outside the scope of this thesis except

where technical integration is necessary for the Product Demand Prediction workflow.

The modelling scope includes three principal elements: Prophet forecasting, MLP
neural-network forecasting, and Hybrid Demand Prediction. Prophet is used to
investigate temporal and seasonal characteristics [2], while the MLP is used to learn
nonlinear relationships from recent demand observations [5]. The MLP uses a seven-
day historical sliding window. Model performance is assessed using MAE, MSE, and

RMSE.

Several limitations apply to the research. A major limitation concerns data availability.
Synthetic POS-style data has been used during development and experimentation
where sufficient real-world historical sales records were unavailable. Although
synthetic data enables controlled development and technical validation, it cannot
reproduce every characteristic of genuine customer-demand behaviour. Consequently,
final conclusions must distinguish results obtained from synthetic data from results

obtained through actual business transactions.

The forecasting models are also primarily based on historical quantity information.
External variables such as weather, promotions, public holidays, competitor
behaviour, temporary stock-outs, price changes, and local events may influence

demand but are not comprehensively represented in the current implementation.
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The research assumes that POS transactions contain sufficiently accurate product
identifiers, dates, and quantities and that enough chronological observations exist for
meaningful model training. It is also assumed that historical sales provide useful

information about future behavior.

Finally, predicted quantities are treated as decision-support estimates rather than
guaranteed future sales. Forecast uncertainty cannot be eliminated entirely. The
predictions are intended to support business judgement and inventory planning rather

than replace managerial decision-making.

Table 3:Scope, limitations and assumptions of the Product Demand Prediction
research

Category Item Description

S Forecasting Product-level demand prediction using
cope S
component historical Smart-Cost POS sales data.

Prophet, MLP and a Hybrid Demand
Scope Models o
Prediction approach.

Quantitative evaluation using MAE, MSE

Scope Evaluation
and RMSE.

Synthetic POS-style data was used where
Limitation | Data availability sufficient long-term real-world history

was unavailable.

Weather, promotions, holidays, price
Limitation | External variables changes and stock-outs are not

comprehensively represented.

S o . Recorded Bread MLP metrics are based
Limitation | Preliminary evaluation o ) )
on a limited seven-day evaluation period.

Product identifiers, dates and sold
Assumption | Data quality quantities are sufficiently accurate for

forecasting.
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Category Item Description

) o Past sales contain useful information for
Assumption | Historical relevance o
estimating future product demand.

. o Forecasts support business judgement and
Assumption | Decision support
are not guaranteed future sales.

1.8 Individual contribution

The individual contribution of this research is the design, development, evaluation,
and system integration of the Smart-Cost Product Demand Prediction component. The
contribution covers the complete forecasting workflow from historical POS data
preparation to delivery of future-demand information through the application

environment.

The first contribution is the development of the product-demand data-preparation
workflow. POS transaction information is processed and aggregated according to
product and date to create chronological daily-demand series. Model-specific data
representations are subsequently prepared to satisfy the different requirements of

Prophet and the neural-network model.

The second contribution is the implementation of the Prophet forecasting model. The
work includes preparing Prophet-compatible time-series data, configuring relevant
seasonal behaviour, training product-specific forecasting models, and generating

future-demand estimates.

The third contribution is the development of the MLP neural-network forecasting
model. The implementation uses a seven-day sliding-window structure and Min-Max
normalization. The MLP contains two hidden layers with 64 and 32 neurons and learns
a nonlinear mapping from recent historical demand to subsequent demand. Recursive

forecasting is used when future estimates are required beyond a single prediction step.
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The fourth contribution is the investigation and implementation of a Hybrid Demand
Prediction approach using Prophet and MLP forecasting outputs. The purpose of this
work is to utilize complementary forecasting characteristics rather than depending

exclusively on one model.

The fifth contribution is quantitative model evaluation, including the use of MAE,

MSE, and RMSE to measure prediction errors and support comparative analysis.

Finally, the forecasting workflow was integrated into the Smart-Cost technical
environment through the Python machine-learning service and backend
communication mechanisms. This integration enables historical data retrieval, model
execution, prediction generation, and delivery of forecasting information to the Smart-
Cost user interface. Therefore, the individual contribution includes both the research-
oriented forecasting work and the engineering required to transform it into an

operational system capability.

Table 4:Individual contribution to the Smart-Cost Product Demand Prediction
component

Contribution Individual work

Designed the process for filtering, aggregating and
Demand-data preparation | chronologically preparing product-level daily

demand.

' Configured, trained and generated product-specific
Prophet forecasting
Prophet forecasts.

Implemented seven-day sliding-window preparation,

MLP forecasting
scaling, MLP training and recursive prediction.
. . Designed the workflow that brings Prophet and MLP
Hybrid forecasting ‘ . o
outputs into the Hybrid Demand Prediction stage.
Applied MAE, MSE and RMSE to quantify
Evaluation

forecasting error.
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Contribution Individual work

Connected the forecasting workflow to Smart-Cost
Integration through the Python ML service and backend

communication.

Verified preprocessing, model execution, APIs and
Testing and analysis integration issues and interpreted the resulting

evidence.

1.9 Thesis structure

This thesis is organized into a sequence of chapters that progressively explain the
research foundation, methodology, technical implementation, evaluation, and

conclusions associated with the Product Demand Prediction component.

Chapter 1 — Introduction establishes the background and context of Product Demand
Prediction within Smart-Cost . It describes the individual component, defines the
research problem and gap, establishes the research aim and objectives, presents the
research questions, identifies the scope and limitations, and explains the individual

contribution.

Chapter 2 — Literature Review and Related Work critically examines previous research
relevant to retail demand forecasting, product-level forecasting, time-series analysis,
Prophet, artificial neural networks, machine-learning forecasting, hybrid forecasting,
and forecast evaluation. The chapter compares previous approaches and establishes

the theoretical foundation and research gap addressed by the proposed component.

Chapter 3 — Research Methodology explains how the research was conducted. It
describes the research design, dataset preparation, data preprocessing, chronological
data handling, experimental procedure, model-training strategy, forecasting process,

evaluation metrics, and methods used to compare the forecasting approaches.
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Chapter 4 — System Design and Implementation presents the technical realization of
the Product Demand Prediction component. It explains the overall architecture, data-
processing workflow, Prophet implementation, MLP architecture, Hybrid Demand
Prediction mechanism, machine-learning service, backend communication, data

management, API integration, and user-interface functionality.

Chapter 5 — Results and Discussion presents and analyses the experimental findings.
It reports model-evaluation results, compares forecasting behaviour, discusses
practical implications, evaluates the research questions and objectives, and identifies

limitations affecting interpretation and generalization of the findings.

Chapter 6 — Conclusion and Future Work summarizes the research outcomes and
individual contribution. It concludes the Product Demand Prediction investigation and
identifies future improvements, including validation using larger real-world Smart-
Cost datasets, incorporation of additional demand-influencing variables, enhanced

hybrid forecasting strategies, and continued model optimization.

The thesis concludes with the IEEE-formatted reference list and supporting
appendices, which provide additional technical and experimental evidence relevant to

the Product Demand Prediction research.
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2 LITERATURE REVIEW AND RELATED WORK

Product demand prediction is an important application of forecasting in retail and
small-business environments because future demand directly affects purchasing,
inventory availability, production planning, and resource utilization. Retail forecasting
is challenging because sales behaviour differs among products and can be affected by
temporal patterns, seasonality, special events, promotions, and changing customer
behaviour. Fildes, Ma, and Kolassa identify retail forecasting as a complex area in
which forecasting methods must account for characteristics such as product
heterogeneity, data granularity, promotions, and operational requirements [1]. For
micro and small enterprises, these challenges can be particularly important because
excess inventory or insufficient stock can have a direct effect on operating costs and

sales opportunities.

Historical Point-of-Sale (POS) transactions provide a useful data source for product-
level demand prediction. Individual transactions can be aggregated according to
product and date to produce chronological demand series. These time series can then
be analysed to identify recurring patterns and estimate future quantities. Research has
demonstrated the applicability of statistical, machine-learning, and neural-network
approaches to sales and demand forecasting. Carbonneau, Laframboise, and Vahidov
investigated machine-learning techniques for supply-chain demand forecasting and
demonstrated the potential of computational learning approaches for modelling
demand behaviour [7]. Neural networks have also been extensively investigated for

forecasting because of their ability to approximate nonlinear relationships [5].

This research focuses specifically on Product Demand Prediction within Smart-Cost .
Two complementary forecasting techniques are investigated. The first is Prophet,
introduced by Taylor and Letham as a forecasting approach designed for practical
business time-series applications [2]. The second is a Multilayer Perceptron (MLP)
neural network that learns nonlinear relationships from recent historical product-
demand observations. The use of neural-network techniques for retail and sales
forecasting is supported by previous studies demonstrating their ability to model

complex sales behaviour [3], [5].
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The research further investigates a hybrid forecasting strategy. Hybrid and ensemble
approaches are relevant because a single forecasting algorithm may not perform
equally well across products with different demand characteristics. Aburto and Weber
demonstrated the potential of hybrid demand forecasting for supply-chain
management [9], while Mejia and Aguilar investigated an ensemble-based demand
forecasting framework in which product time-series characteristics influenced
forecasting decisions [4]. Therefore, the literature provides a foundation for
investigating whether Prophet and MLP can provide complementary information for

product-level forecasting within Smart-Cost .

2.1 Review method and scope

The literature review was conducted with a focused scope aligned with the objectives
of the Product Demand Prediction component. The review concentrated on academic
work concerning product and retail demand forecasting, time-series forecasting,
artificial neural networks, machine-learning-based demand prediction, Prophet, hybrid
forecasting, and forecast-accuracy evaluation. Literature related to other Smart-Cost
research components was excluded because it does not directly contribute to the

individual research problem investigated in this thesis.

The review considered peer-reviewed journal articles, established forecasting studies,
and research describing forecasting methods applicable to chronological sales data.
Particular attention was given to studies involving retail products, daily demand, food
products, and supply-chain forecasting because these areas share characteristics with
the intended Smart-Cost application environment. For example, Doganis et al.
investigated sales forecasting for short shelf-life food products using artificial neural
networks [8]. This is relevant to businesses where inaccurate forecasting can contribute
to either insufficient product availability or unnecessary quantities of perishable

inventory.

The reviewed literature was organized into several themes. The first theme examined
the characteristics and challenges of retail demand forecasting. Fildes, Ma, and

Kolassa provide a broad examination of research and practice in retail forecasting and
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identify the complexity associated with producing operational forecasts across retail
environments [1]. The second theme considered machine-learning and neural-network
approaches. Zhang, Patuwo, and Hu reviewed artificial neural networks for forecasting
and discussed their ability to model nonlinear relationships [5], while Ahmed et al.

empirically compared machine-learning techniques for time-series forecasting [6].

The third theme examined Prophet and practical business time-series forecasting, for
which Taylor and Letham's work provides the principal methodological reference [2].
The fourth investigated hybrid and ensemble forecasting. Studies by Aburto and
Weber [9] and Mejia and Aguilar [4] demonstrate how multiple forecasting approaches

can be incorporated to address complex demand behaviour.

Finally, literature on forecast evaluation was considered because model selection
requires objective performance measurement. Hyndman and Koehler examined
measures of forecast accuracy and highlighted important considerations when
selecting error metrics [17]. These themes collectively informed the selection,

implementation, and evaluation of the forecasting techniques used in this research.

2.2 Domain and theoretical foundations

Product demand prediction involves estimating future product requirements using
information available from historical observations. Within the Smart-Cost
environment, the principal source of this information is POS sales data. Multiple
transactions involving the same product can occur within a day; therefore, transaction
quantities are aggregated by product and date to establish a chronological daily-
demand series. The resulting observations provide the foundation for model training

and future forecasting.

A key theoretical concept underlying the research is time-series forecasting. Unlike
datasets in which observations can be treated independently, time-series observations
possess temporal ordering. Previous demand can contain information relevant to
subsequent demand, while patterns such as trend and seasonality may occur over
longer periods. Retail forecasting research emphasizes that demand series can contain

complex characteristics that differ considerably between products [1]. Syntetos,

19




Boylan, and Croston similarly demonstrated the importance of recognizing different

demand patterns when analysing inventory-related demand series [18].

The first forecasting foundation adopted in this research is Prophet. Taylor and Letham
introduced Prophet as an approach to forecasting business time series that supports
interpretable modelling of temporal structure [2]. This characteristic makes Prophet
relevant to product demand where recurring weekly, monthly, or yearly patterns may
exist. In Smart-Cost , Prophet is configured to learn temporal patterns from daily

product-demand observations and generate future demand estimates.

The second foundation is artificial neural-network forecasting. Neural networks can
approximate nonlinear mappings between input and output variables, making them
suitable for relationships that cannot be adequately represented by simple linear
assumptions. Zhang et al. provide an extensive foundation for neural-network
forecasting [5], while Alon, Qi, and Sadowski demonstrated the applicability of
artificial neural networks to retail sales forecasting [3]. The Smart-Cost
implementation applies an MLP neural network to seven consecutive historical

demand observations to predict subsequent demand.

A third theoretical foundation is hybrid forecasting. Different models may capture
different properties of a demand series. Hybrid approaches attempt to exploit
complementary predictive characteristics rather than relying entirely on one
forecasting mechanism [9]. This provides the theoretical basis for investigating the
combination of Prophet's temporal modelling capabilities with the nonlinear learning

capability of the MLP within the proposed Product Demand Prediction component.

2.3 Related research

Previous research provides substantial evidence for the use of statistical and machine-
learning methods in retail demand prediction. Alon, Qi, and Sadowski compared
artificial neural networks with traditional methods for forecasting aggregate retail
sales. Their work demonstrated that neural networks can be effective for modelling

nonlinear trend and seasonal relationships in retail sales information [3]. Although
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their research focused on aggregate sales, the findings provide useful evidence for

investigating neural-network techniques at individual-product level.

Huber and Stuckenschmidt investigated daily retail demand forecasting using
machine-learning methods, with particular emphasis on calendar-related special days
[3]. Their research used bakery-chain demand and demonstrated that daily demand can
be strongly influenced by calendar conditions. This work is particularly relevant to
Product Demand Prediction in Smart-Cost because businesses dealing with food and
other frequently purchased products may experience considerable variation between

ordinary weekdays, weekends, and special periods.

Doganis et al. investigated short shelf-life food-product sales forecasting using
artificial neural networks and evolutionary computation [8]. Their study is relevant
because forecasting errors for perishable products have operational consequences:
excessive quantities can contribute to wastage, while insufficient quantities can limit

product availability.

Research has also investigated the value of combining forecasting approaches. Aburto
and Weber proposed hybrid demand forecasting for supply-chain management and
demonstrated how computational forecasting approaches could be combined to
improve demand-related decision-making [9]. More recently, Mejia and Aguilar
developed a demand-forecasting framework based on product time-series
characteristics, feature engineering, multiple forecasting algorithms, and ensemble
learning [4]. Their findings are important to this research because they demonstrate
that different products may possess different demand characteristics and therefore may

not be optimally represented by one universal forecasting algorithm.
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Table 5:Summary of related studies on product demand forecasting

Method or Relevance to this
Ref. Study / focus
contribution research
Establishes

Fildes, Ma and

Review of retail

challenges such as

. . product
[1] Kolassa - retail forecasting research ‘
. ' heterogeneity,

forecasting and practice '
granularity and
operational use.
Provides the

Taylor and Letham methodological

2]

- business time-

series forecasting

Prophet

basis for the
Prophet forecasting

path.

[3]

Huber and
Stuckenschmidt -

daily retail demand

Machine learning
with
calendar/special-day

effects

Shows the
importance of
temporal and
calendar effects in

daily retail demand.

Zhang, Patuwo and

Artificial neural

Supports use of

neural networks for

[5] Hu - neural- nonlinear
' networks )
network forecasting forecasting
relationships.
Supports
Carbonneau, o
application of ML

[7]

Laframboise and
Vahidov - supply-

chain demand

Machine-learning

forecasting

techniques to
demand-estimation

problems.
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Ref.

Study / focus

Method or

contribution

Relevance to this

research

Doganis et al. -

Artificial neural

networks and

Relevant to
bakery/food

products where

[8] short shelf-life food _
evolutionary forecast errors may
sales '
computing create wastage or
shortages.
Supports
Aburto and Weber - ‘ investigation of
‘ Hybrid demand
[9] supply-chain _ complementary
‘ forecasting ‘
forecasting forecasting
approaches.
Supports product-
S specific and
_ . Feature engineering,
Mejia and Aguilar - ensemble

[4]

product-category

demand

multiple algorithms
and ensemble

learning

forecasting when
time-series
characteristics

differ.
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Table 6:Comparison of statistical, machine learning and hybrid forecasting

approaches
Role in Smart-
Approach Strengths Limitations
Cost
Interpretable Represented by
o ) temporal May not capture all | Prophet for
Statistical / time-
‘ modelling; suitable | nonlinear temporal and
series
for trend and relationships. seasonal demand
seasonality. behaviour.
Requires
Can learn nonlinear ‘ Represented by
_ _ _ preprocessing, _
Machine learning | mappings from _ MLP using seven-
o tuning and
/ neural network | historical . day demand
) adequate training .
observations. windows.
data.
Requires fair ‘
. ‘ Combines or uses
Can utilize comparative
. _ Prophet and MLP
Hybrid / complementary evaluation and a .
outputs within
ensemble information from defined
‘ o Hybrid Demand
multiple models. combination o
' Prediction.
mechanism.

Deep-learning research provides further evidence for combining forecasting
architectures. Joseph et al. investigated a hybrid CNN and bidirectional LSTM
framework for store-item demand forecasting [10]. While the Smart-Cost
implementation does not use the same deep-learning architecture, this work
demonstrates continuing research interest in hybrid methods for product-demand
forecasting. These studies collectively support the investigation of complementary

Prophet and MLP forecasting approaches within Smart-Cost .
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2.4 Existing systems products and techniques

Existing product-demand forecasting techniques range from conventional statistical
models to machine-learning, neural-network, and hybrid forecasting methods.
Conventional approaches such as moving averages, exponential smoothing, and
autoregressive models remain important forecasting techniques because they can
model temporal information using relatively interpretable mathematical structures.
However, demand characteristics differ across products, and consequently no single
forecasting method can automatically be considered optimal for every product or

forecasting horizon [1], [15].

Prophet represents one technique designed for practical business time-series
forecasting. Taylor and Letham developed the approach to support forecasting at scale
while allowing analysts to configure model components according to characteristics
of the underlying time series [2]. Prophet is therefore suitable for investigating product
sales containing recurring temporal behaviour. Within the Smart-Cost Product
Demand Prediction component, Prophet is used to learn historical demand patterns and

produce product-specific future forecasts.

Machine-learning techniques provide another forecasting category. Carbonneau et al.
investigated machine-learning approaches for supply-chain demand forecasting and
demonstrated their applicability to demand-estimation problems [7]. Neural networks
are particularly relevant when relationships between historical observations and future
demand are nonlinear [5]. The Smart-Cost component uses an MLP neural network
with hidden layers of 64 and 32 neurons. Seven previous daily-demand values are
transformed into an input sequence used to estimate subsequent demand. This differs
from a true recurrent LSTM architecture; therefore, the implemented model is

correctly identified as an MLP, rather than an LSTM.

Another important technique is multi-step forecasting, where predictions are required
for several future periods rather than only the next observation. Ben Taieb et al.
compared strategies for multi-step-ahead time-series forecasting and demonstrated

that forecasting strategy can influence performance across multiple future horizons
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[14]. This is relevant to Smart-Cost because business users may require forecasts

covering several future days.

Hybrid and ensemble methods constitute an additional category. Research indicates

that combining models can be beneficial when different methods capture

complementary demand characteristics [4], [9], [10]. These findings provide the

technical motivation for the Smart-Cost Hybrid Demand Prediction approach, which

investigates Prophet and MLP outputs as complementary forecasting information.

Table 7:Comparison of existing demand forecasting techniques

Technique

Typical

characteristic

Suitability to
Product Demand

Prediction

Decision

Moving average

Simple smoothing

based on recent

Useful as a simple
reference but

limited for

Not selected as a
principal model;

suitable future

and seasonality.

patterns in product

demand.

observations. complex temporal _
' baseline.
behaviour.
_ Weights recent Useful
Exponential _ _ ' Not selected as a
. observations more | conventional time- o
smoothing ) principal model.
strongly. series approach.
Suitable for
' Model dependence | chronological Not selected in
Autoregressive _ _ ' _
on previous series but requires | the implemented
methods ]
observations. model component.
specification.
] Suitable for
Models business )
. . recurring temporal
Prophet time-series trend Selected.
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Suitability to
Typical
Technique Product Demand Decision
characteristic
Prediction
Suitable for
Learns nonlinear nonlinear
MLP input-output relationships in Selected.
relationships. recent demand
windows.
Potential future
Recurrent )
_ alternative, but not
architecture for _ ‘
LSTM ‘ the algorithm Not implemented.
sequential ' ‘
‘ implemented in
dependencies. . ‘
this thesis.
Combines
_ _ Relevant when _ .
information from o Investigated using
_ ‘ products exhibit
Hybrid / ensemble | multiple _ Prophet and MLP
. different demand
forecasting o outputs.
characteristics.
approaches.

2.5 Gap synthesis and conceptual framework

The reviewed literature demonstrates that product-demand forecasting is already
supported by a substantial body of research. Statistical forecasting, Prophet, machine
learning, neural networks, and hybrid techniques have all been investigated in different
contexts [2], [5], [7], [9]. Therefore, the research gap addressed by Smart-Cost is not
the absence of demand-forecasting algorithms. Instead, the gap concerns how
complementary forecasting techniques can be adapted, evaluated, and operationally
integrated for product-level demand prediction within a micro-SME POS

environment.
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One identified gap concerns product heterogeneity. Products can demonstrate different
demand characteristics, making dependence on one forecasting algorithm potentially
restrictive. Syntetos, Boylan, and Croston demonstrated the importance of
distinguishing demand patterns [ 18], while Mejia and Aguilar investigated forecasting
based on product time-series characteristics and ensemble learning [4]. These findings

support the investigation of multiple forecasting perspectives within Smart-Cost .

A second gap concerns the transition from experimental forecasting to operational
prediction. Forecasting research commonly evaluates algorithms against prepared
datasets, whereas an operational POS application requires a complete pipeline. Raw
sales transactions must be retrieved, filtered by product, aggregated by date,
chronologically prepared, supplied to trained models, evaluated, and returned to the
user through an application interface. The forecasting model is therefore only one

element of the complete Product Demand Prediction capability.

Based on the identified gap, the conceptual framework for this research is:
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it and C ‘
/\/ « Compare forecast with actual sales |
s + Evaluate model performance (MAE, MSE, RMSE)

= Retrain models with new data
« Improve forecasting accuracy over time

Figure 3:Conceptual framework for the Product Demand Prediction System

Prophet contributes the time-series and seasonal forecasting perspective [2], while the
MLP contributes a nonlinear learning perspective supported by neural-network
forecasting research [5]. The hybrid stage investigates whether these complementary

capabilities can provide a more useful forecasting mechanism than dependence on a
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single model. Performance is assessed using quantitative forecast-error measures,

informed by established research on forecast-accuracy evaluation [17].

2

Approach Type

Core Idea

Data Handling

Strengths

Limitations

Typical Use Case

Output

Prophet Forecasting
(Statistical Approach)

] o
i e

Time
— Historical === Forecast

Confidence Interval
Statistical time-series forecasting

Models trend, seasonality and holidays
using additive components

Uses full historical time-series data
(with date and demand)

« Good at capturing trend and seasonality
« Robust to missing data
» Works well with limited data

« Less effective for complex nonlinear patterns
« May not react quickly to sudden changes

Products with clear seasonal patterns
(e.g., weekly/monthly trends)

Future demand values with confidence intervals

MLP Forecasting
(Machine Learning Approach)

Input Output

(7-day (Future

demand demand)
‘'sequence)

Input Layer Hidden Layer Output Layer
(7neurons) (64 -+ 32neurons) (1 neuron)

Machine learning (neural network) forecasting

Learns nonlinear patterns from
historical demand sequences

Uses normalized 7-day historical windows
(sliding sequence)

« Learns complex nonlinear relationships
= Captures short-term variations

= Adapts to patterns in recent sales

« Requires sufficient historical data

« Sensitive to data quality and scaling

« Can overfit if not properly tuned

Products with nonlinear and short-term patterns
(e.g., promotional effects, recent changes)

Future demand values

Hybrid Forecasting
(Combined Approach)

B s
g il

Time.

— Historical ==~ Hybrid Forecast Confidence Interval

Hybrid of statistical and machine learning

Combines Prophet and MLP predictions
(e.g., weighted combination)

Uses outputs from both Prophet and MLP
for final forecast

« Utilizes complementary strengths
* More accurate and stable forecasts
» Suitable for real-world retail demand patterns

+ More complex to implement
+ Requires combining and tuning both models

General product demand forecasting
(improves overall accuracy and stability)

Final demand values (combined) with

? Model Performance
-’I1 (Example: Bread, 7 days)

MAE : Not yet supplied
MSE : Not yet supplied
RMSE : Not yet supplied

MAE :243
MSE :8.61
RMSE :2.94

confidence intervals

MAE : Not yet supplied
MSE : Not yet supplied
RMSE : Not yet supplied

Figure 4:Comparison of individual and hybrid forecasting approaches

Accordingly, the individual research contribution is the design, implementation,

evaluation, and Smart-Cost integration of this Product Demand Prediction framework,

rather than the invention of Prophet or neural-network algorithms themselves.

Table 8:1dentified research gaps and proposed Smart-Cost responses

Research gap

Evidence / issue

Smart-Cost response

Heterogeneous product

demand

Products can exhibit
different demand
patterns and one model

may not suit every series

[4], [18].

Use complementary
Prophet and MLP
forecasting paths and
investigate hybrid

forecasting.

Complementary model

characteristics

Time-series and neural
approaches represent
historical demand

differently [2], [5].

Use Prophet for temporal
structure and MLP for
nonlinear recent-demand

relationships.
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Research gap

Evidence / issue

Smart-Cost response

Experiment-to-operation

gap

Operational forecasting
requires more than a

trained algorithm.

Integrate retrieval,
aggregation,
preprocessing,
forecasting, evaluation,
APIs and user

presentation.

Need for objective

evaluation

Forecast quality cannot
be established by visual

inspection alone [17].

Use MAE, MSE and
RMSE and compare
models on equivalent

held-out periods.
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3 RESEARCH METHODOLOGY

This research adopted an applied experimental methodology to design, implement, and
evaluate the Product Demand Prediction component of Smart-Cost . The
methodological process was structured around converting historical Point-of-Sale
(POS) transactions into product-level demand forecasts that could be used within an
operational business application. The research therefore involved both machine-

learning experimentation and software-system integration.

Historical sales observations were first transformed into daily demand time series by
grouping transactions according to product and date. Data preprocessing was then
performed to create suitable inputs for the forecasting models. Two complementary
forecasting techniques were investigated: Prophet and a Multilayer Perceptron (MLP)
neural network. Prophet was selected because it provides a structured approach to
forecasting business time series and modelling recurring temporal behaviour [2]. The
MLP was selected to investigate nonlinear relationships between recent historical
demand and subsequent product demand, supported by previous research

demonstrating the applicability of neural networks to forecasting problems [5].

For the MLP model, a seven-day sliding-window strategy was used. Seven consecutive
daily-demand observations formed the model input, while the following day's quantity
represented the prediction target. This approach transformed the time series into
supervised learning samples. Multi-step forecasts were subsequently generated
recursively, where predicted demand could become part of the input sequence for
subsequent forecasting steps. Multi-step forecasting strategies have previously been
recognized as an important methodological consideration in time-series prediction

[14].

The research additionally investigated a Hybrid Demand Prediction approach to utilize
information from both Prophet and MLP. The motivation for this design was supported
by research showing that hybrid and ensemble approaches can provide useful

alternatives when individual models capture different characteristics of demand [4],

[9].
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Forecasting performance was quantitatively assessed using Mean Absolute Error
(MAE), Mean Squared Error (MSE), and Root Mean Squared Error (RMSE). These
measures enabled predicted quantities to be compared with actual historical
observations, while established forecasting literature was considered when interpreting

forecast accuracy [17].

Finally, the forecasting workflow was integrated with Smart-Cost through a Python-
based machine-learning service, backend APIs, and the application's data
environment. This allowed the research to evaluate not only predictive behaviour but
also the practical feasibility of delivering product-demand forecasts through an

operational software platform.

3.1 Research design

The study followed a quantitative, experimental, and system-development research
design. The quantitative aspect involved representing historical product demand
numerically and evaluating forecasting errors using measurable performance
indicators. The experimental aspect involved training forecasting models using
historical demand sequences, generating predictions for unseen chronological
observations, and comparing predicted quantities against corresponding actual
demand. The system-development aspect involved incorporating the resulting

forecasting workflow into Smart-Cost .

The research design was organized into four interconnected stages: data preparation,
model development, model evaluation, and system integration. During data
preparation, raw POS transaction records were converted into product-level daily-
demand series. This was necessary because forecasting algorithms require temporally

organized observations rather than individual transaction records.

During model development, Prophet and MLP were investigated independently.
Prophet provided the time-series forecasting perspective. Taylor and Letham
developed Prophet as a practical forecasting method for business time series, making
it relevant to historical product-sales data containing temporal patterns [2]. The MLP

provided a machine-learning perspective capable of learning nonlinear relationships.
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Neural-network forecasting research has established the usefulness of such models for

representing complex relationships within historical data [5].

The MLP input structure was based on a seven-day lookback window. For each valid
sequence, demand from the previous seven days was used to predict the next
observation. This enabled the model to learn short-term demand relationships while

preserving chronological order.

The third stage evaluated model behaviour using common regression error measures.
Comparisons were made using the same chronological demand context wherever

possible to prevent misleading conclusions caused by different test periods.

The final stage concerned practical integration. Trained models were exposed through
the Product Demand Prediction service and connected to Smart-Cost 's backend and
application interfaces. Consequently, the research design evaluated the forecasting

component as an end-to-end system rather than assessing an algorithm in isolation.
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Figure 5:Research methodology pipeline for Product Demand Prediction
3.2 Data participants or study materials

The Product Demand Prediction study primarily involved transactional and time-series
data rather than human participants. The principal study material consisted of product-
level POS sales records containing information required to determine the quantity of a

product sold on a particular date. The minimum information required by the
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forecasting workflow was therefore the product identifier or product name, transaction

date, and sold quantity.

During research development, a structured synthetic POS-style dataset was used where
sufficient long-term real-world sales history was unavailable. The principal
development dataset represented 365 days across 10 products, producing 3,650
product-day observations. Products represented common small-business items such as
bread, cake, coffee, tea, buns, sandwiches, pastries, juice, muffins, and cookies. The
synthetic series incorporated controlled variations such as weekly behaviour, random
demand variation, and selected seasonal increases. Synthetic data was used to
construct and technically validate the forecasting pipeline; it is not treated as

equivalent to genuine customer-demand evidence.

Table 9:Dataset attributes used for Product Demand Prediction

Attribute Description Use
) ) Chronological index for
Date associated with the _
ds / date daily product demand and

demand observation. _
Prophet input.

_ _ Filters and separates
Name or identifier of the

product_name individual product-

product being forecast.

demand series.

y / total quantity

Total quantity demanded
for the product on the

corresponding date.

Forecasting target and
principal numerical

demand variable.

Different data representations were prepared according to model requirements. For
Prophet, each product's observations were organized using a date variable (ds) and
corresponding demand quantity (y), consistent with Prophet's required forecasting
structure [2]. For the MLP, chronological demand was converted into supervised-
learning sequences using seven previous observations as input and the subsequent

observation as the target.
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The technical study materials included Python, Prophet, NumPy, pandas, and scikit-

learn for data processing, model development, and evaluation. Scikit-learn provides

established machine-learning functionality suitable for implementing the MLP and

preprocessing operations. The trained forecasting workflow was subsequently exposed

through a Python service and connected to the Smart-Cost backend.

No demographic characteristics or personally identifiable customer attributes were

required for model training. The forecasting component is concerned with aggregated

product quantities over time, rather than identifying individual customers or predicting

individual purchasing behaviour.

Table 10:Product categories included in the experimental dataset

No. Product Dataset role
Synthetic product-level daily-demand series used
1 Bread
for development and technical validation.
Synthetic product-level daily-demand series used
2 Cake
for development and technical validation.
Synthetic product-level daily-demand series used
3 Coffee
for development and technical validation.
A T Synthetic product-level daily-demand series used
ea
for development and technical validation.
s B Synthetic product-level daily-demand series used
un
for development and technical validation.
_ Synthetic product-level daily-demand series used
6 Sandwich
for development and technical validation.
Synthetic product-level daily-demand series used
7 Pastry
for development and technical validation.
. Synthetic product-level daily-demand series used
8 Juice
for development and technical validation.
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No. Product Dataset role
Synthetic product-level daily-demand series used
9 Muffin o
for development and technical validation.
. Synthetic product-level daily-demand series used
10 Cookie

for development and technical validation.

3.3 Experimental or study procedure

The experimental procedure began by obtaining product-sales observations and

transforming them into model-ready chronological time series. Transaction records

were grouped according to product and date, and quantities associated with the same

product on the same day were aggregated to determine daily demand. Records were

then ordered chronologically to preserve the temporal structure required for

forecasting.

Table 11:Data preprocessing and transformation activities

Stage Activity Output
Product-specific
1 Filter POS records for the selected product. _
transaction records.
5 Apply explicit start-date and end-date Records within the
filtering. required historical period.
; Aggregate quantities for the same product | One daily-demand
and date. quantity per date.
4 Sort observations chronologically. Ordered time series.
5 Validate dates and numerical demand Clean forecasting
values. observations.
6 Transform to Prophet ds/y format. Prophet-ready dataset.
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Stage Activity Output
. Normalize training demand and create MLP-ready supervised
seven-day windows. samples.
" Apply training-derived preprocessing to Evaluation inputs with
held-out data. reduced leakage risk.

The second stage involved data preprocessing. Numeric demand quantities were
validated and unsuitable or missing observations were handled before model training.
For neural-network forecasting, demand values were normalized using a Min-Max
scaling procedure. To reduce data leakage, scaling parameters should be estimated
from training observations and subsequently applied to validation or test observations

rather than being calculated using the complete dataset.
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Figure 6:Historical POS sales data preprocessing and transformation workflow

The third stage involved preparing seven-day sliding windows for the MLP. For a
chronological sequence \(y_1,y 2,\ldots,y n\), the first training example used \(y_1\)
to \(y_7\) as input and \(y_8\) as the target. The window was then moved forward by
one observation to generate the next example. This procedure continued throughout

the available training period.
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Table 12:Prophet model configuration and parameters

Parameter Configuration
Daily seasonality False
Weekly seasonality True
Yearly seasonality True
Changepoint prior scale 0.05
Seasonality prior scale 10.0

Additional monthly seasonality

30.5-day period

Monthly Fourier order

5

Primary forecast output

yhat

Additional outputs

yhat lower and yhat upper

The MLP contained two hidden layers of 64 and 32 neurons, used the ReL.U activation

function and Adam optimization, and incorporated early stopping during training. The

Prophet model was independently trained using chronological ds and y observations

and configured to represent weekly and yearly seasonality, together with an additional

monthly seasonal component.

Table 13:MLP model configuration and parameters

Parameter

Configuration

Model

scikit-learn MLPRegressor

Historical lookback

7 observations

Hidden layer 1 64 neurons
Hidden layer 2 32 neurons
Activation function ReLU
Optimizer / solver Adam
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Parameter Configuration
Maximum iterations 200
Early stopping Enabled
Scaling Min-Max normalization

Multi-step strategy

Recursive prediction

Future demand was then generated independently by the two models. The MLP used

recursive prediction for multi-day forecasting, while Prophet generated future dates

and corresponding forecast estimates. Multi-step forecasting requires careful

evaluation because forecasting errors can propagate as the prediction horizon increases

[14].
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Figure 7:Sliding-window data preparation for the MLP forecasting model

The resulting outputs provided the basis for investigating the Hybrid Demand

Prediction approach. Finally, predictions were compared with known actual

observations using the selected evaluation metrics, and the complete prediction

workflow was tested through the Smart-Cost integration environment.
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Figure 8:Experimental training and evaluation workflow

Table 14:Experimental training and testing configuration

Item

Configuration / research practice

Data ordering

Chronological; future observations are

not randomly mixed into training data.

MLP sample construction

Seven previous daily-demand values are

used to predict the subsequent value.

Scaling

Fit using training observations and

applied to held-out observations.

Prophet training input

Chronological ds and y observations.

Forecast comparison

Models should be evaluated on the
same held-out dates for direct

comparison.

Recorded preliminary evaluation

Bread MLP evaluated over seven days.

Recommended extended validation

Longer chronological holdout or
rolling-origin / walk-forward evaluation

across multiple products.
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3.4 Measures and evaluation metrics

The forecasting models were evaluated using quantitative error measures that compare
predicted demand with corresponding actual demand. The principal metrics selected
were Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root Mean
Squared Error (RMSE). Using multiple measures was important because each metric
provides a different interpretation of forecasting error. Hyndman and Koehler
emphasize the importance of selecting suitable accuracy measures when evaluating

and comparing forecasting methods [17].

The Mean Absolute Error (MAE) measures the average absolute difference between

actual and predicted quantities:

[ MAE=\frac{1}{n}\sum_{i=1}"{n}|y i-\hat{y} i|\]

where \(y_i\) represents actual demand, \(\hat{y} 1i\) represents predicted demand, and
\(n\) represents the number of evaluated observations. A lower MAE indicates that

predictions are, on average, closer to actual quantities.

The Mean Squared Error (MSE) is calculated as:

[ MSE=\frac{1} {n}\sum_{i=1}"{n}(y_i-\hat{y} 1)"2\]

Because errors are squared, larger prediction errors receive greater numerical

penalties.

The Root Mean Squared Error (RMSE) is calculated as:

[ RMSE=\sqrt{\frac{1} {n}\sum_{i=1}"*{n}(y_i-\hat{y} 1)"2} \]

RMSE returns the error to the original scale of the target variable, making it easier to

interpret in terms of product quantities.

Model evaluation was conducted chronologically because random shuffling can allow

information from later periods to influence training for earlier periods, which would
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not represent real forecasting conditions. The Prophet and MLP models should
therefore be evaluated against the same held-out dates when making direct

performance comparisons.

During preliminary testing for the Bread product, the MLP produced an MAE of 2.43,
MSE of 8.61, and RMSE of 2.94 over the recorded seven-day evaluation period. These
values are treated as preliminary experimental evidence rather than proof of general
performance because a seven-day test period is limited. Broader chronological testing

is required before making generalized claims regarding model superiority.

Table 15:Forecast evaluation metrics

Metric Definition Interpretation

Average absolute forecast
Mean of the absolute differences between
MAE error in product units;
actual and predicted demand. ‘
lower is better.

. Penalizes larger errors
Mean of squared differences between
MSE more strongly; lower is
actual and predicted demand.
better.

Forecast error expressed in
RMSE | Square root of MSE. the original demand scale;

lower is better.

3.5 Data analysis

Data analysis was conducted at both the descriptive and predictive levels. Descriptive
analysis was used to understand historical product-demand behaviour, while predictive
analysis was used to evaluate the ability of Prophet, MLP, and the Hybrid Demand

Prediction approach to estimate future quantities.

Historical sales quantities were first aggregated by product and date. The resulting

daily series allowed changes in demand to be examined chronologically. Analysis over
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different historical periods, including 7-day, 30-day, and longer-term views, provided
contextual information about short-term fluctuations and longer-term behaviour. This
stage was important because retail products may exhibit substantially different demand

characteristics [18].

The predictive analysis focused on the relationship between actual and forecast
demand. For each evaluated observation, the prediction error was calculated as the
difference between the actual quantity and corresponding forecast. These individual
errors were then summarized through MAE, MSE, and RMSE. Lower error values
were interpreted as stronger predictive performance when models were evaluated

using the same observations.

Comparative analysis was conducted between the Prophet and MLP approaches.
Prophet was analysed according to its ability to represent temporal and seasonal
behaviour, whereas MLP performance was considered in relation to nonlinear
relationships derived from recent demand observations. This distinction was important
because the models use different representations of the same historical information.
Previous research suggests that forecasting performance can vary according to the

characteristics of the underlying series [4], [18].

The hybrid analysis examined whether information from both forecasting approaches
could be utilized to produce a useful final prediction. However, the hybrid approach
was not automatically considered superior. Any claim of improved performance

requires lower forecasting errors on equivalent test observations.

Visual analysis was also used where appropriate by plotting actual and predicted
demand across time. Graphical comparisons complement numerical metrics by
revealing systematic overprediction, underprediction, trend-following behaviour, or
periods of unusually large errors. Together, numerical and visual analysis provided a

more complete assessment of model behaviour.
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3.6 Ethics privacy security and responsible Al

Ethical and responsible use of business data was considered throughout the
development of the Product Demand Prediction component. Although the forecasting
task does not require sensitive demographic information, POS systems can contain
business and customer-related information. The forecasting pipeline was therefore
designed around the principle of using only the data necessary for product-level

demand estimation.

The models primarily require product identifiers, dates, and aggregated sales
quantities. Customer names, telephone numbers, payment details, and other personally
identifiable attributes are not required for model training. Restricting the forecasting
dataset in this manner follows the principle of data minimization and reduces

unnecessary privacy exposure.

Security is also important because historical sales information represents
commercially valuable business data. Access to demand information and prediction
functionality should therefore follow the authorization mechanisms of the Smart-Cost
platform. Communication between application components should use appropriately
secured interfaces in production, while databases and model services should not be

unnecessarily exposed to unauthorized external access.

Responsible Al considerations are particularly important when presenting predictions
to business users. Demand forecasts are probabilistic estimates derived from historical
observations rather than guaranteed future outcomes. A forecast may become
inaccurate when unexpected events occur or when future business conditions differ
substantially from the training period. Predictions should therefore be presented as
decision-support information, allowing business owners to combine model outputs

with their own operational knowledge.

Another consideration concerns the use of synthetic data. Synthetic observations used
during development must be explicitly identified as synthetic and must not be

presented as evidence of actual customer behaviour. Similarly, preliminary results
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obtained from limited evaluation periods should not be generalized beyond the

conditions under which they were measured.

The research also avoids automatically declaring the hybrid model superior. Model
selection should be based on reproducible evaluation results rather than assumptions
about algorithm complexity. These practices support transparency, appropriate
interpretation, privacy protection, and responsible use of Al-based forecasting within

Smart-Cost .

3.7 Reproducibility and research artefacts

Reproducibility was considered during the Product Demand Prediction research so that
the principal experimental workflow could be repeated using the same data
preparation, model configuration, and evaluation procedures. The research artefacts
therefore include datasets, preprocessing structures, model implementations, trained-

model files, prediction outputs, evaluation results, and system-integration evidence.

The prepared dataset maintains explicit chronological fields and product identifiers,
enabling individual product-demand series to be reconstructed. Separate model-ready
representations were created for Prophet and MLP. Prophet data uses the ds and y
structure, while MLP data uses seven historical observations and a corresponding
prediction target. Maintaining these structures allows the transformation from raw

demand observations to model inputs to be examined and repeated.

The Prophet implementation records important configuration parameters, including
weekly and yearly seasonality, an additional monthly seasonal component, a
changepoint prior scale of 0.05, and a seasonality prior scale of 10.0. Recording such
parameters is important because model configuration can affect reproduced

forecasting results [2].

For the MLP, reproducibility information includes the seven-day lookback window,
64- and 32-neuron hidden layers, ReLLU activation, Adam solver, maximum iteration

configuration, early stopping, and data-scaling procedure. The trained model and
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corresponding scaler can be serialized as model artefacts so that the same

preprocessing transformation is applied during subsequent prediction.

Research artefacts also include API responses, forecast outputs, actual-versus-
predicted comparisons, error measurements, model-comparison results, and
screenshots of the integrated Smart-Cost Demand Prediction interface. These
materials provide evidence linking the documented methodology to the implemented

system.

To strengthen final reproducibility, experiments should preserve the exact training and
testing date ranges, dataset version, software dependencies, model parameters, and
final evaluation outputs. This ensures that reported results can be traced back to a
defined experimental configuration rather than relying solely on screenshots or

manually recorded values.
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4 PRODUCT AND SOLUTION DESIGN

The Product Demand Prediction component was designed as an integrated decision-
support capability within Smart-Cost . Its purpose is to transform historical Point-of-
Sale (POS) sales records into product-level future demand estimates that can support
inventory and operational planning. The solution design therefore considers not only
forecasting algorithms but also data acquisition, preprocessing, model execution,

evaluation, backend communication, and presentation of predictions to the user.

The design follows a modular architecture. Historical sales transactions stored within
the Smart-Cost data environment provide the initial input. Relevant records are
retrieved and aggregated according to product and date to construct daily-demand time
series. The processed observations are then supplied to two forecasting approaches:
Prophet and a Multilayer Perceptron (MLP) neural network. Prophet was selected
because it was developed for practical business time-series forecasting and can
represent temporal structures such as trend and seasonality [2]. The MLP provides a
complementary mechanism for learning nonlinear relationships from recent demand

observations, consistent with established neural-network forecasting research [5].

The forecasting models are implemented within a Python-based machine-learning
service. Prophet operates on chronological date-demand observations, while the MLP
uses a seven-day sliding input window. Their forecasting outputs are subsequently
available to the Hybrid Demand Prediction process. Hybrid forecasting was included
because previous research indicates that combining complementary forecasting

techniques can be useful when demand patterns differ between products [4], [9].

The component communicates with the wider Smart-Cost environment through
backend services. This separation allows POS transaction management and forecasting
responsibilities to remain logically independent while still exchanging the information
required for predictions. Forecast outputs can subsequently be delivered to Smart-Cost

interfaces where users can inspect historical demand and predicted future quantities.

The overall design therefore follows the processing sequence:
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Figure 9:Product Demand Prediction component within the overall SmartCost
architecture

This architecture establishes a clear separation between data management, machine-
learning processing, forecasting evaluation, and presentation while allowing the
individual Product Demand Prediction component to operate as part of the deployed

Smart-Cost solution.

4.1 Requirements

The requirements for the Product Demand Prediction component were derived from
the primary objective of converting historical Smart-Cost sales information into useful
future-demand estimates. Requirements were divided into functional and non-
functional requirements so that both forecasting behaviour and operational quality

could be considered during solution design.

The principal functional requirement is that the component must retrieve historical
sales observations for an individual product and convert them into a chronological
daily-demand series. Where multiple transactions for the same product occur on the
same date, their quantities must be aggregated before forecasting. This requirement
ensures that the models receive consistent time-series observations rather than

independent POS transactions.

The system must support product-specific demand prediction. Users should be able to
select a product and request a future forecast based on the available historical demand
information. The component must support Prophet forecasting and MLP-based

forecasting and provide the information necessary for the Hybrid Demand Prediction
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process. The MLP requires seven previous demand observations as its prediction

window, while Prophet requires chronological date and quantity observations.

The system must also support quantitative model evaluation. Actual and predicted
observations should be comparable using MAE, MSE, and RMSE. Appropriate
forecasting evaluation is necessary because different error measures provide different
interpretations of predictive performance [ 17]. Prediction results must then be returned

through the backend so that they can be displayed through Smart-Cost .

Non-functional —requirements include accuracy, reliability, performance,
maintainability, scalability, security, and usability. Forecast generation should
complete within a practical response time for normal application use. Model and
preprocessing logic should remain modular so that forecasting methods can later be

retrained or replaced without redesigning the complete Smart-Cost platform.

The component must also protect business information. Forecasting should use only
the information required for demand prediction and should operate within Smart-Cost
's authorized application environment. Finally, the user interface should present
forecasts in an understandable form rather than requiring users to interpret raw

machine-learning outputs.

Table 16:Functional requirements of the Product Demand Prediction

component
ID Functional requirement
FR1 Retrieve historical sales observations for a selected product.
FR2 Filter historical observations using the required date range.

Aggregate multiple transactions for the same product and date into

FR3 .
daily demand.
FR4 Generate product-specific Prophet forecasts.
FRS Generate product-specific MLP forecasts using seven-day input

windows.
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ID Functional requirement

FR6 Provide Prophet and MLP outputs to the Hybrid Demand Prediction
workflow.

R Evaluate forecasts using MAE, MSE and RMSE when actual
observations are available.

FRS Return structured prediction results through the backend to the Smart-
Cost interface.

FR9 Display historical demand and future forecast information to the user.

4.2 Component architecture within the complete solution

The Product Demand Prediction component follows a layered architecture that
separates the Smart-Cost application, backend services, data storage, and machine-
learning operations. This separation was selected to reduce coupling between the
forecasting algorithms and the primary application while enabling historical POS

information to be used by the prediction service.

At the data layer, historical Smart-Cost POS transactions provide the primary
forecasting input. Relevant records include product information, transaction dates, and
quantities sold. The backend retrieves the required sales information and aggregates
transactions into daily product-demand observations. Maintaining product-level
chronological data is essential because the forecasting models depend on temporal

ordering.

The application and backend communicate through API-based services. The Smart-
Cost backend, implemented using Node.js and Express, manages requests from the
user-facing application and coordinates access to historical sales information. Product-
demand forecasting operations are forwarded to a separate Python machine-learning
service, allowing machine-learning dependencies and model execution to remain

independent of the primary backend.
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Within the machine-learning layer, preprocessing prepares the historical demand
sequence for the required forecasting model. Prophet receives date-demand pairs and
models temporal characteristics of the series [2]. The MLP receives normalized seven-
day historical windows and learns nonlinear relationships between recent observations
and subsequent demand. Neural-network approaches are appropriate for investigating

such nonlinear forecasting relationships [5].

The two forecasting paths feed the Hybrid Demand Prediction stage, where their
outputs can be used to produce the final forecasting result. Previous hybrid-demand
research provides support for exploiting complementary forecasting mechanisms

rather than depending exclusively on one model [9].

The resulting architecture can be represented as:
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Figure 10:Detailed architecture of the Product Demand Prediction System

This modular architecture also supports future extension because forecasting models
can be modified within the machine-learning service without requiring fundamental

changes to transaction processing or the complete Smart-Cost application.
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Figure 11:Detailed System Architecture of the SmartCost Product Demand Prediction
System

Table 17:Non-functional requirements of the Product Demand Prediction
component

Requirement Description

Forecasting performance should be quantitatively evaluated
Accuracy

rather than assumed.

o Date filtering, aggregation, model availability and preprocessing
Reliability .
must operate consistently.

Forecast generation should complete within a practical response
Performance

time for normal application use.

Model and preprocessing logic should remain modular and
Maintainability
independently updateable.

) Architecture should support additional products and increasing
Scalability

historical sales data.

' Business sales information and prediction functionality should
Security

remain within authorized Smart-Cost access.
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Requirement Description
. Only data necessary for product-demand forecasting should be

Privacy .

supplied to the ML workflow.

- Forecasts should be presented in an understandable form for

Usability .

business users.

| Model parameters, data periods and evaluation outputs should be

Reproducibility

recordable and repeatable.

4.3 Design alternatives and decisions

Several alternatives were considered when designing the Product Demand Prediction
component. The principal decisions concerned forecasting-model selection, data
representation, forecasting-service architecture, and the strategy for producing future

predictions.

A single forecasting model represented the simplest design alternative. However,
relying exclusively on one algorithm was considered restrictive because individual
products may demonstrate different demand characteristics. Research on demand-
pattern categorization indicates that demand behaviour can differ substantially across
products [18]. Mejia and Aguilar similarly investigated product-specific time-series
characteristics when developing an ensemble demand-forecasting approach [4].

Therefore, the final design investigates more than one forecasting perspective.

Prophet was selected as the time-series forecasting model because it provides an
established approach for practical business forecasting and supports temporal
structures such as seasonality [2]. Traditional approaches such as moving averages or
other statistical models could have been used, but Prophet provided a suitable balance

between temporal modelling and practical implementation.

For nonlinear forecasting, an MLP neural network was selected. Neural networks have

demonstrated applicability to forecasting problems involving nonlinear relationships
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[5], and machine-learning methods have previously been applied to supply-chain
demand forecasting [7]. The implemented MLP was preferred over falsely labelling
the model as an LSTM because the actual implementation uses fully connected hidden
layers rather than recurrent LSTM cells. This distinction ensures that the documented

design corresponds to the implemented algorithm.

A seven-day sliding window was selected for MLP input so that one week of recent
demand contributes to the next prediction. Recursive forecasting was selected for
generating multiple future MLP predictions, although this approach has the limitation
that errors may propagate across longer horizons. Multi-step forecasting strategy is

recognized as an important design consideration in forecasting research [14].

Finally, the forecasting functionality was implemented as a separate Python service
rather than embedding machine-learning code directly into the Node.js backend. This
decision improved separation of concerns and allowed Python forecasting libraries to

be used while preserving the existing Smart-Cost backend architecture.

Table 18:Comparison of forecasting model design alternatives

Alternative Advantages Limitations Design decision

May be restrictive

Single Simpler when products Rejected as the
forecasting implementation exhibit different only forecasting
model and maintenance. demand strategy.
characteristics.
Interpretable
May not capture all )
temporal and ‘ Retained as one
Prophet only nonlinear short- .
seasonal forecasting path.

term relationships.
modelling.
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Alternative

Advantages

Limitations

Design decision

MLP only

Learns nonlinear
relationships from

recent demand.

Requires
scaling/training and
recursive forecasts
can accumulate

€I1or.

Retained as one

forecasting path.

Designed for

More complex and

sequential not represented by .
True LSTM Not implemented.
recurrent the current
modelling. implementation.
Provides )
Requires a defined
complementary

Prophet + MLP

temporal and

combination

strategy and

Selected for

hybrid nonlinear investigation.
comparative
forecasting
validation.
perspectives.
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Figure 12:End-to-end Product Demand Prediction processing flow

55




4.4 Detailed design

The detailed design of the Product Demand Prediction component consists of four
primary processing stages: data preparation, model processing, hybrid forecasting, and

result delivery.

During data preparation, the system identifies historical transactions associated with
the requested product. Transaction dates and sold quantities are extracted, and
quantities recorded on the same date are aggregated to obtain daily demand. The
resulting observations are sorted chronologically. This daily-demand series becomes

the common data foundation for both forecasting paths.

For Prophet, the processed data is transformed into two required fields: ds,
representing the observation date, and y, representing product demand. The
implemented configuration enables weekly and yearly seasonality and introduces an
additional monthly seasonal component. A changepoint prior scale of 0.05 and
seasonality prior scale of 10.0 are used in the implemented model. After training,
Prophet generates future dates and corresponding yhat demand estimates, together
with lower and upper forecast values. Prophet's underlying design is based on

modelling business time series through interpretable temporal components [2].
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Figure 13:Hybrid forecasting architecture combining Prophet and MLP models
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For the MLP, demand quantities are normalized and converted into seven-day sliding

sequences. Each sequence can be represented as:
[ X t=[y {t-6},y {t-5}\Idots,y t]\]

with the subsequent quantity used as the target. The network consists of hidden layers
containing 64 and 32 neurons, uses ReLU activation, the Adam solver, and early
stopping. Future multi-day predictions are generated recursively by inserting each

predicted scaled value into the next input sequence.
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Figure 14:Product Demand Prediction API interaction sequence

The Hybrid Demand Prediction stage receives the individual model outputs and
provides the architectural location for combining their complementary predictions.
Hybrid forecasting is supported by previous research demonstrating the potential

benefits of combining forecasting approaches [4], [9].

Finally, forecast results are returned through the backend to Smart-Cost , where
historical demand and future predicted quantities can be presented to the user for

operational decision support.
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Table 19:Product Demand Prediction API endpoints

Method Endpoint

Purpose

GET /api/demand/products

Retrieve products available for demand

forecasting.

POST /api/demand/predict

Submit a product-demand prediction

request.
GET /api/demand/predictions Retrieve prediction history.
GET /api/demand/predictions/:id | Retrieve a specific prediction record.

DELETE | /api/demand/predictions/:id

Delete a stored prediction record where

supported.
) ) Update demand-prediction settings
PUT /api/demand/settings
where supported.
_ ‘ Retrieve demand-prediction settings
GET /api/demand/settings

where supported.

Table 20:Input and output specifications of the forecasting component

Element Input / output Specification
Identifies the product for
Product identifier Input
which demand is forecast.
Defines the period of POS
Historical date range Input observations retrieved for
forecasting.
Daily aggregated demand
Historical quantities Input values derived from POS

transactions.
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Element

Input / output

Specification

Forecast horizon

Input

Number of future periods
requested, such as seven

days.

Prophet forecast

Output

Future ds values with yhat
and, where retained,

yhat lower/yhat upper.

MLP forecast

Output

Sequence of future product-
demand quantities generated

recursively.

Hybrid forecast

Output

Final demand-prediction
value/sequence produced
from the two forecasting
paths when the hybrid

mechanism is applied.

Evaluation metrics

Output

MAE, MSE and RMSE when
predictions can be compared

with actual demand.

4.5 Standards and professional practice

Professional software-engineering and machine-learning practices were considered

throughout the design of the Product Demand Prediction component. Particular

attention was given to data integrity, separation of concerns, reproducibility, security,

maintainability, evaluation discipline, and responsible presentation of Al-generated

predictions.

Data integrity is important because forecasting quality depends directly on the

historical observations supplied to the models. Product identifiers, transaction dates,
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and quantities must therefore be validated before forecasting. Chronological ordering
must also be preserved throughout preprocessing and evaluation. Randomly mixing
future and historical observations can introduce data leakage and produce unrealistic
performance estimates. Training and testing data should consequently follow temporal

order.

The design applies modularity and separation of concerns. POS operations, backend
communication, data storage, machine-learning processing, and presentation are
maintained as logically separate responsibilities. The Python forecasting service
isolates model-specific dependencies from the Node.js/Express backend. This
improves maintainability and allows forecasting algorithms to be retrained, updated,

or replaced with limited impact on other application functions.

Reproducibility is supported by recording model configurations, preprocessing
procedures, training periods, evaluation periods, and performance measurements.
Established forecast-accuracy measures are used rather than relying only on visual
judgement [17]. Comparisons between models should use equivalent test observations

to maintain experimental fairness.

Security and privacy principles are also incorporated into the design. Product Demand
Prediction requires product, date, and quantity information rather than personally
identifiable customer information. Only data necessary for forecasting should
therefore be supplied to the machine-learning process. Access to forecasting
functionality and business sales information should remain controlled through the

Smart-Cost application environment.

Finally, responsible Al practice requires forecasts to be presented as decision-support
estimates rather than guaranteed outcomes. Model performance can change when
demand conditions change, and more complex models should not automatically be
assumed to be more accurate [15]. Continued evaluation, monitoring, and retraining
are therefore necessary as additional real-world Smart-Cost sales data becomes

available.
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Table 21:Technology selection and design rationale

Technology

Role

Design rationale

React Native / Smart-
Cost Ul

Mobile user interface

Provides user access to
product selection, historical
demand and prediction

results.

Web interface

Browser-based Smart-

Cost access

Provides an additional user-
facing channel for Smart-

Cost functionality.

Supports the existing Smart-

‘ Application backend
Node.js _ Cost backend and request
runtime o
coordination.
Handles application/API
Backend web o
Express routes and communication
framework . _ _
with the forecasting service.
Stores product and
Operational data transaction information used
MongoDB ) )
storage to construct historical
demand.
. ‘ Supports the forecasting and
Machine-learning ) ) )
Python data-processing libraries
language
used by the component.
Exposes Python forecasting
FastAPI ML service API functionality to the Smart-
Cost backend.
Runs the FastAPI service
Uvicorn ASGI server during

development/operation.
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Technology Role Design rationale
Models temporal and
Prophet Time-series forecasting | seasonal behaviour in

product demand.

scikit-learn

Neural forecasting

Implements the nonlinear

MLPRegressor MLP forecasting path.
Support aggregation,
pandas / NumPy Data processing transformation and

numerical operations.
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S IMPLEMENTATION INTEGRATION AND TESTING

The implementation phase transformed the proposed Product Demand Prediction
methodology into an operational component within Smart-Cost . The implementation
covered the complete technical workflow required to move from historical Point-of-
Sale (POS) records to product-level future-demand forecasts. Rather than
implementing the forecasting algorithms as isolated experiments, the solution
connected data preparation, model execution, backend communication, forecast

evaluation, and user-facing presentation.

The component was implemented using a service-oriented structure. Historical sales
information generated through Smart-Cost is maintained in the application data
environment. The Node.js/Express backend provides the connection between the
application data and a dedicated Python machine-learning service. Python was selected
for the forecasting layer because the implemented Prophet and scikit-learn-based
neural-network functionality could be maintained independently from the main

application backend.

Two forecasting models were implemented. The first was Prophet, configured for
product-level time-series forecasting. Prophet was originally proposed as a practical
forecasting approach for business time series [2]. The second was an MLP neural
network implemented using MLPRegressor. Neural networks have been widely
investigated for nonlinear time-series forecasting [5]. The MLP receives seven

historical daily-demand observations and predicts subsequent demand.

The implementation also established the processing required for the Hybrid Demand
Prediction approach, allowing outputs from Prophet and MLP to contribute to the final
forecasting workflow. This design was motivated by previous research demonstrating

the potential value of hybrid forecasting approaches [4], [9].

Integration testing focused on the complete request-to-response path. A forecast
request originating from Smart-Cost required historical sales retrieval, product-level

aggregation, preprocessing, model execution, forecast generation, and delivery of
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results to the application. Model outputs were additionally evaluated using MAE,

MSE, and RMSE, consistent with established forecasting-evaluation principles [17].

The completed implementation therefore represents an integrated forecasting
capability rather than only a trained model. It enables historical POS information to be
converted into predictive information that can be accessed through the Smart-Cost

software environment.

5.1 Development environment and technology stack

The Product Demand Prediction component was developed using a technology stack
that separates application operations, backend processing, data management, and
machine-learning responsibilities. This separation was important because the
forecasting component required Python-based libraries while the existing Smart-Cost

backend was implemented using JavaScript technologies.

Python was used as the primary programming language for the machine-learning layer.
Data preparation and numerical operations were performed using libraries such as
pandas and NumPy. Prophet was used to implement the time-series forecasting model,
while scikit-learn provided the MLPRegressor implementation and preprocessing
functionality required by the neural-network workflow. The selection of Prophet was
supported by its application to practical business forecasting [2], while neural-network

forecasting is well established within time-series research [5].

The Python forecasting functionality was exposed through FastAPI, enabling the
machine-learning service to communicate with the main Smart-Cost backend through
HTTP-based requests. During development, the service was executed using Uvicorn.
Separating the machine-learning service from the primary backend also allowed model
dependencies and model-training operations to be maintained without tightly coupling

them to application transaction processing.

The main application backend was implemented using Node.js and Express. This layer

handles application requests, retrieves the historical sales information required for
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forecasting, communicates with the Python service, and returns prediction results to

the Smart-Cost interface.

MongoDB is used within the Smart-Cost data environment for storing application and

transactional information. Relevant product-sales records can therefore be retrieved

and aggregated into daily demand before being transferred to the forecasting

workflow.

The user-facing Smart-Cost environment includes the mobile application and the

developed web-based version. The Product Demand Prediction functionality is

presented through this application layer, allowing users to examine historical demand

and generated forecasts without directly interacting with the underlying machine-

learning service.

Table 22:Development environment and technology stack

Layer

Technology

Function

User interface

Smart-Cost mobile

application / web interface

Product selection,
historical-demand display

and forecast presentation.

Coordinates application

Application backend Node.js / Express requests and historical
data retrieval.
Stores product, sales and
Database MongoDB o _
transaction information.
Performs preprocessing,
ML service Python / FastAPI forecasting and model-
related operations.
) ) ) Runs the FastAPI
Service runtime Uvicorn

forecasting service.
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Layer Technology

Function

Time-series model Prophet

Generates temporal
product-demand

forecasts.

scikit-learn

MLPRegressor

Neural model

Generates nonlinear
demand forecasts from

seven-day windows.

Data libraries pandas / NumPy

Data manipulation and

numerical processing.

5.2 Component implementation

Implementation of the Product Demand Prediction component began with the

transformation of historical POS records into model-ready observations. Sales records

associated with a selected product were retrieved and grouped according to transaction

date. Quantities belonging to the same product and date were summed to obtain daily

product demand, after which the observations were chronologically ordered.

Product Demand Prediction Implementation Architecture
Technology Stack and Component Interaction

Client Applications Backend API a Machine Learning Service Database
{84 (Mobile App & Web Dashboard) (Node s + Express) (Python + FastAP) MongoDB Atlas
k @ Data Processing Module Collections (Main)
Mobile Application % APIRoutes == . Load historical sales data Mongos D« sales (istorcal vansacions)
(React Native) HTTPS @ = . Data cleaning & transformation e W+ products
(REST API) « /apilpredictions/train HTTP * Create time seresperproduct | o o - . shops
* View demand preictons > . | OntemalaP) + Generatesidngwindows MP) | T N« inventory
« Model comparison JSON Request g i ¢ sales data Dt
« Product details (predictions, train, « /api/predictions/.productName POST /train Store predictions
« Inventory planning ompAFe; Actusiesiee) GET /predict Model Training Module sanosss gy prediction Collections
« Purchase recommendations GET /compare « Train Prophet model (per product) ~ « prediction_results
- o ] « Train MLP model (per product) ' « model_metadata
I —] g’ « Save trained models and scalers g - occastdaa
= | equestvalidation & Daadeid n o actual_sales_cache
JSON Response « Data aggregation JSON Response
Web Dashboard ({ﬂrecas!t'es'uﬁls o Call ML service (predictions, Prediction Module
(Nextjs) meics ackiel siles) « Format response metrics, I( ¥« Generate Prophet forecast g7 Extemal Services
status) « Generate MLP forecast (Optional)
o Hybrid model combination G
o — (weighted average) SMS Service (Notify.lk)
v Authentication & Authorization v « Subscription reminders
: E:x;: ,:;:s;:; :ashboard ) Uswr thop mackosment oy = « Promotional messages
« Shop-based data fitering :
« Historical vs predicted sales Pt [ | « Calculate MAE, MSE, RMSE Cloud Services
« Model performance metrics B it oA S for s « Model storage (server disk)
+ Manage products « Backups
Deployment Environment (DigitalOcean VPS)
CH  Ubuntu24.04 Node,js Backend Python ML Service MongoDB Atlas Model Storage
CHB . i (Reverse Proyy) — « PM2 (Process Manager) —> o FastAP! — o Cloud Database ~—> « Trained models
2 * SSL(HTTPS) * Port: 3000 « Port: 8000 * Auto Scaling * Scalers and metadata

Figure 15:Product Demand Prediction implementation architecture
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The Prophet implementation transforms each product's demand history into the
required ds and y structure, where ds represents the date and y represents the observed
quantity. The implemented model disables daily seasonality, enables weekly and
yearly seasonality, and introduces a monthly seasonal component with a period of
approximately 30.5 days. The configuration uses a changepoint prior_scale of 0.05
and a seasonality prior scale of 10.0. After training, Prophet generates future
observations containing yhat, yhat lower, and yhat upper. The model design follows

the business time-series forecasting principles introduced by Taylor and Letham [2].

Prophet Forecasting Model Implementation Workflow
For Product Demand Prediction in SmartCost POS

Input Time Series Data Data Preparation Prophet Model Training Forecast Generation Forecast Results
(Preprocessed POS Sales) (Prophet Format) (Time Series Forecasting) (Future Demand) (Prophet Output)
= Prophet Forecast (Example)
Date Sales (y) ds (date) y (sales) Prophet Model Configuration Create Future DataFrame ©
;gﬁz.gs-gl :z zg;s-zz-g; :: from prophet import Prophet e )
¥ 084 r € -
2 2 model = Prophet( pariodesly’ 4 =) et
20250803 1 20250803 14 yoarly. sessonalitysTroe, fregs'D! 8 -
2025:08-04 10 202508-04 10 weekly_seasonality=True, ) a1
daily_seasonality=False,
S L e 2=t L » Sesamality-mdes LR, > ‘ * ﬁu‘; 01 Awg08  AwglS A2 A2
2025-08-06 16 20250806 16 changepoint_prior_scale=0.05, Generate Forecast
seasonality_prior_scale=10.0 —— Historkal Sales === Prophet Forecast
) forecast = model.predict(future) Confidence interval
Preprocessing Steps model. fit(df)
* Daily/weekly aggregated Q a . ‘ miﬂ 0 ::Ie ( 70ays) o
sales per product * Convert to datetime format N @ yhat_Jower upper
« Cleaned and normalized data * Rename columns to £} Leaming Components Ry e Componms 20250624 182 u5 26
 Atleast two non-NaN rows “ds"and "y « Trend (long term pattem)  yhat - predicted demand %:g:;z ;Z; :2: ;:;
required * Sort by date « Seasonality (weekly / yearly) « yhat_lower — lower confidence bound 20250827 214 161 %6
* Handle missing values « Holiday effects (optional) * yhat_upper — upper confidence bound 20250828 28 169 04
* Remove outliers (optional) « Change points (detect trend changes) * trend - trend component 20250829 241 176 25
« Fitmodel on historical data * seasonal - seasonal component 20250830 256 183 u7
° Model Evaluation (Optional) o Trained Prophet Model
Compare Predicted vs Actual Eﬂéﬂmmﬁcs‘m . vﬂtﬂm&?&z‘:& + Save trained mode (per product)
. .
o Usetestdata(eg, last30days) = [l o Absdle Er) -»> -»> * Save model metadata and parameters
« MSE (Mean Squared Error) « Trend and seasonality components « Usafor foureprackctons 730/ 365 deyi)
o Calculste evaluation metrics « RMSE (Root Mean Squared Error) « Residual analysis

Figure 16:Prophet forecasting model implementation workflow

The neural-network implementation uses scikit-learn's MLPRegressor. Historical
demand is normalized and converted into seven-day sliding windows. Each input
contains seven consecutive demand observations, while the following day's demand
becomes the target value. The network contains hidden layers of 64 and 32 neurons,
applies ReLU activation, uses the Adam optimizer, and enables early stopping. Neural-
network forecasting is appropriate for investigating nonlinear relationships that may

exist within historical demand [5].

67




MLP Neural Network Forecasting Implementation Workflow

For Product Demand Prediction in SmartCost POS

o Input Sales Data Data Preprocessing Sliding Window
(Historical POS Data) (Normalization & Scaling) Data Preparation
(Input Sequences)
Date Sales (y) anp Dta Cleaning Create Input-Output Sequences
20250801 12 == -« Handle missing values Use a 7-day siding window to
W=F - Remove outiers edict the next day's demand
2250802 s + Fill gaps (if needed) el cle
20250803 “ Input Sequence (7 days)  Target
20250804 10 v 12 15 14 10 18 16 4 17
20250805 18 > O Feature Scaling 151410 18 16 14 19 19
Normaiize data using 14101816 417 N 2
2250806 1 MinMax Scaling
X = Xoin
Xscaled = y——>— A
Xoax = Xoin Siiding Window (lookback = 7)
Normalized Data (E 0O00000 —
« Daily sales per product = 2 S(c:l:’::l) ‘(;x‘.» T;J(‘l)'; DO b [ (]
« Cleaned and aggregated data = _J
« Atleast 7+ days of data 20250801 012 ot s('x‘)"'““ "('3"
« Handle missing values and 2250602 028
Giitbars 20250803 022
20250804 005 Result
20250805 035 + Xshape: (samples,,1)

Model Evaluation & Prediction Use

I Evaluation Metrics

« MAE (Mean Absolute Error)
« MSE (Mean Squared Error)
* RMSE (Root Mean Squared Error)

« yshape: (samples, 1)

« Spiitinto training and testing sets

-~ 8

>

Compare Results
« Compare with Prophet model
« Analyze performance (7 / 30 / 365 days)

MLP Neural Network Model Model Training Forecast Generation
(Architecture) (Leaming Pattems) (Future Demand)
™ Generate Forecast
&3 Trainthe MLP Model + Uselost7 days data
ooy WAL i Lo 2 + Use training data (X_train, y_irain) « Normalze input
- ) (S4newroms) (32 neurons) m « Leam nonlinear pattems « Predictnext7/30/ 365 days
& £ | + Monitor training and validation koss.  Inverse scale to original units.

(3 ‘_ s 4

1 MLP Forecast Output (Example)
O Y e " Training Progress Date Predicted Sales
[ Bt ¥ L) A w» 2025082 182
MRS e dy damact 0 — TaningLoss 20250825 191
L2 X " — VaidationLoss 20250826 203
& 2 8 o0s 20250827 214
. = 20250828 28
Mt - e s
« Input layer: 7 (lookback days) 0 2 4 60 @ 100 £
« Hidden layer 1: 64 neurons (ReLU) Epoch s
« Hidden layer 2: 32 neurons (ReLU) RRFOAvont (e /Do),
« Outputlayer: 1 neuron (Linear) + —

n

£ 0
Training Configuration B Save Model S /
« Loss function: Mean Squared Error (MSE) + Trained model (hS or pki) £
« Optimizer: Adam o Scaler (Min‘Max) 3,
s ?;j;;jiﬁ);” « Model metadata AR Ag2 Ap2 A
« Early stopping: Yes (optional) (lookback, parameters) w— Predicted Sales (MLP)
+ Save trained model and scaler Confidence nterval

Use for Prediction

« Generate future demand
« Support inventory planning
« Integrate with SmartCost POS dashboard)

- @

Figure 17:MLP neural network forecasting implementation workflow

Table 23:Implementation details of the Prophet forecasting model

Implementation element

Detail

Input format

Chronological ds and y observations for

an individual product.

Daily seasonality

Disabled.

Weekly seasonality

Enabled.

Yearly seasonality

Enabled.

Monthly seasonality

Added with period 30.5 and Fourier

order 5.

Changepoint prior scale

0.05.

Seasonality prior scale

10.0.

Forecast generation

Future dataframe created for the

requested number of periods.

Returned fields

ds, yhat, yhat lower and yhat upper.
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For future multi-day prediction, the MLP operates recursively. After predicting the
next demand value, the input window is shifted and the new predicted value is included
in the subsequent input. Multi-step forecasting strategies require careful evaluation

because errors can accumulate across future steps [14].

The outputs generated by Prophet and MLP are subsequently made available to the
Hybrid Demand Prediction process, establishing a single workflow for product-level

future-demand generation.

Seven-day Sliding-Window Forecasting Process Used by the MLP Model
For Product Demand Prediction in SmartCost POS

Historical Sales Data Create 7-day Sliding Windows 0 Input Sequence to MLP MLP Neural Network Forecast Output

(Daily Sales per Product) (Input-Output Pairs) (Feature Vector) (Forecasting Model) (Next Day Demand)

Date Sales

) Window 1 (Predict day 8) 7-day input sequence s T
20250801 :2 12 15 14 10 18 16 20 — 17 X= (7 X oms Yol o B iR ol o SO ¢ b 70 esanes
2025-08-02 5 )\ 1 newrcr) ’ Output: Predicted demand
2025-08-03 14 Window 2 (Predict day 9) 12 x (dayt7) < » & . (rextday)
202506:04 i 15 14 10 18 16 20 17 — 19 15 xq (dayt) R o
2025-08-05 18 @ B | *
2025-08-06 16 = Window i - 1) x (dayts) = @K Rk g
oy » Window 3 (Predict day 10) 3 e I 0 —
4 10 18 16 20 17 19 — 21 10 x. (daytq) b B PN
2025-08-08 17 - f=17
2025-08-09 19 fndow 18 x, (dayt3) - 3 B
20250810 2 il e i 4 (for 2025-08-08)
A 0 18 16 20 17 19 21 —» 18 16 x, (dayt2)
Model Configuration
20 X (dayt1) Post-processing

« Inputlayer: 7 neurons (lookback days)

« Daily sales data for a product « Hidden layer 1: 64 neurons (ReLU)

« Inverse scale to original units

* Sorted by date (ascending) Tooy vess soice (0 Input shape: (7, 1) « Hidden layer 2: 32 neurons (ReL) Sy Eneis Rorerege yalce
« Cleaned and normalized Target output (y) ~ next day demand « Outputlayer: 1 neuron (Linear) 8/:588 pdicHon 10 detalwes
O Example of Training Samples Generated from Sliding Window
Training Set
Sample Input Sequence (X) - 7 days Target (y) - Next day (e.g.80%) Train MLP Model Use for Forecasting
1 7215 W 0 el 7 Validation Set » Leam patterns from input sequences tj o Inputlast 7 days sales
2 1 14 10 18 1 20 17 19 -»> (e 10%) -> « Optimize using training data - « Predict next day demand
« Validate using validation set « Update dairy predictions
3 U S L | L WL A (I?\x) o Evaluate using test set « Support inventory planning

Figure 18:Seven-day sliding-window forecasting process used by the MLP model

Table 24:Implementation details of the MLP forecasting model

Implementation
Detail
element

MLPRegressor; the implementation is an MLP, not a

Algorithm
true LSTM.

Lookback window Seven chronological daily-demand observations.

Hidden layers 64 neurons followed by 32 neurons.

Activation ReLU.
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Implementation
Detail
element

Solver Adam.

Maximum iterations 200.

Early stopping Enabled.

_ Min-Max scaling with consistent inverse
Preprocessing )
transformation.

. Recursive: each predicted scaled value is shifted into
Multi-day forecast . '
the next input window.

‘ Inverse-transform prediction and prevent negative final
Post-processing
demand values.

Hybrid Demand Prediction Execution

Combining Prophet and MLP for Accurate Product Demand

14

Input Data o Train Individual Models e Generate Individual Forecasts Hybrid Forecasting Hybrid Forecast Output
(Historical Sales) (Prophet and MLP) (Future Demand) (Combine Predictions) (Predicted Demand)
== Prophet Model 7 : Hybrid Forecast (Next 7 Days)
== ,sr:;s DM:': o008 A i usiog Wstoricalsales deta Prophet Forecast Ouiput Hybrid Combination Strategy Date  Prophet  MLP  Hybrid
- e s e Dte  yhat yhatiower yhatupper « Combine Prophet and ML forecasts 050808 172 165 169
Date Sales (y) (71301365 days) 2050008 | 72 | 18 iR using weighted average 20250809 181 189 184
20250801 12 Prophet Forecast =  Weights can be fixed or performance based 20250810 196 203 199
202508-02 15 > -> 20250809 181 152 20 agpl Utilize strengths of both models -> 20250811 22 28 214
2025-08-03 14 £ ] 20250810 196 168 24 (Prophet: trend/seasonality, 20250812 225 21 27
a MLP: complex pattemns) 20250813 240 49 244
ROZAR 04 L, 2 2 20250814 253 21 256
2025-08-05 18 — Hstorical — Forecast  Confidence nterval
2025-08-06 16 Fisorid = (Wo X Foronbet) + (Wan X Fip) Comparison of Forecasts
yorid = (Wp X Yprophet, 'm * Yy
2025-08-07 20 MLP Model MLP Forecast Output «
« Use 7-day shiding window Input Date Predicted where, Wy + Wy, =1 2w e
« Train newral network (64 -+ 32+ 1) v s Zg= =
« Leam complex pattems et ond 163 g * 1= es=t ¥
Data Preparation o Generate future forecast 20250809 189 3 £ 10
Q (7/30/ 365 days) -> 20250810 203 —p  Example (Weights) ™
o Filter by product and daterange = « Prophet weight (w,) = 0.6 a0 A Mew
« Handle missing values o MLP weight (w,y) = 0.4 = o ) e
« Normalize/clean data brs —— Prophet Forecast === MLP Forecast
* Create time series format —e— Hybnid Forecast
» Splitinto train/test sets l
G Post-processing and Usage s Save Prodictions Generate Insights Usein SmartCost POS A ; Model Monitoring
(Insights and Application) N9 - Store hybrid forecast results i « Compare historical vs predicted * Support inventory planning € ¥ Track prediction accuracy (MAE, RMSE)
-, database = « Identify demand trends = + Generate puchase suggestions % 8¢ 1 LR periodically
+ Save model metadata + Highlight ighviow demand periods o Display demand insights « Update forecasts (7 / 30 / 365 days)

and evaluation metrics

on dashboard and mobile app

Figure 19:Hybrid demand prediction execution process
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SmartCost Demand Prediction Dashboard £ DemoRestauwrant v (9 AugO1, 2025 - Aug 30,2025

Al-powered product demand forecasting for better inventory planning
Total Products Predicted Demand (Next 7 Days) High Demand Products Low Stock Risk
W 48 2~ 1,245 sy = 12 )
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8 4 361
sct Recommendat K] 204 F
’ i ! i |
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. o 4.
Figure 20:SmartCost Demand Prediction Dashboard
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=
3
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202508-24 182 176 179
Coffee Bevregm e 20250825 191 189 190
: 20250826 203 201 202
SO vk Parion ol 20250827 204 26 25
ERT i ” 2025-08-28 28 21 29
gl e 20250829 2.1 27 %4
08 5 1 259
howing 1 - 10 of 4 ! <23 45> 22500 . 2

Figure 21:Product selection interface for demand forecasting

v pres
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™ SmartCost ' Generate Demand Prediction & DemoRestaat v [ Aug01,2005-Aug30,2005 v

Use Al models to predict future demand for your selected product

° o Product Selected 3 e ° Configure Settings S o Generate Prediction > ") ViewResults
Bread Next 7 Days + Hybrid Model Running Al models. b0, ee forecast and insight

Selected Product Processing Prediction
Training models and generating forecasts for Bread
Bread () \Loading historical sales data @
iy 7 365 days of data 0
5y Preprocessing data
urrent Stock 45 & Cleaning and normalizatior © MLp
Demand Prediction e s 18 Complex Pat
Average Daily Sales >y Running Prophet model © ’
” Unit Price Rs. 120.00 & analyzing trend a asonality )
(@  Runing MLP model )

rocessing with 7-day sliding window

Hybrid Forecast

More Accurate Pred

o Forecast Configuration

Combining predictions
Forecast Period enerating hybrid forecast
Next7 Days v Finalizing results
alculating confidence intervals \ 30 seco!
Model Type
Hybrid (Prophet + MLP) v
o ol Forecast Preview (Bread) Model Forecast (Next 7 Days)
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g » 202508-24 182 176 179 us 03
£ 3 x - g
B8 gt 20250825 91 89 190 152 ns
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Figure 22:Demand prediction generation interface

Demand Forecast Results & DemoRestawant v (Y Aug01,2025-Aug30,2025 v
Al-powered prediction for better inventory planning
e i D e
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o Prophet 243 8565 294
§7 M 281 nas 335
2 Hybrid (Selected) 212 638 253
3
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Figure 23:Product demand forecast result interface
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™ SmartCost @ Demand Prediction History & DemoRestavant v B Aug01,2025-Aug30,2025 v

View and manage past demand forecasting results
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Figure 24:Product Demand Prediction history interface

5.3 Integration with the other components

The Product Demand Prediction component was integrated with the existing Smart-
Cost technical infrastructure required to obtain POS data and deliver forecasting
results. Integration with unrelated research components was not required for the

operation of the individual forecasting component.

The integration process begins when a forecasting request is generated through the
Smart-Cost application. The application communicates with the Node.js/Express
backend, which provides access to the relevant product and historical transaction
information. Historical sales records are filtered according to the requested product

and required date range before being prepared for forecasting.

The backend then communicates with the Python machine-learning service. The
Python layer performs the model-specific preprocessing and executes the appropriate
forecasting workflow. Prophet receives chronological date-demand observations,
while the MLP receives normalized sliding-window sequences. The resulting forecasts

are returned to the backend in a structured response.

73




The request-to-response integration can therefore be represented as:

APl Communication between the SmartCost Backend and Python ML Service

Client (Mobile / Web) d ™ (s Pyth i
NnegeE Send Request to ML Service (Fast:':’l;‘L Service
-— Send Forecast Request SmartCost Backend L > Port: 8000
(HTTPS) (Node.js + Express)
> POST http://ml-service:8000/forecast 5
.ll POST /api/predictions/compare API Routes ( ol AP" Eﬂdpﬂﬂ‘f
{ o (/api/predictions/*) u e * /predictions/train
productName”: “Bread", « /predictions/compare
“periods”: 7 } « /predictions/forecast
Request Validation « /predictions/actual-sales
SmartCost POS } 3
Mobile App B & Data Processing B ————
5 s s e e H e Return Forecast Data
(JSON) ML Models
Return Prediction Results - Call ML Service GB 7
(JSON) 4= (HTTP Request) ( « Prophet (trend + seasonality)
« MLP (7-day sliding window)
{
: a Format & Return Response
il B to Client

I Prediction Engine
(1]
+ Train models
* Generate forecasts

) + Calculate evaluation metrics
Return Historical Data
(JSON)

SmartCost

Web Dashboard

Broad

| A

v
e

MongoDB Atlas
(Cloud Database)

Figure 25:API communication between the SmartCost backend and Python ML service

During integration, particular attention was given to date filtering. Historical totals
must correspond to the actual requested time range. Without explicit date boundaries,
an aggregation operation can unintentionally include transactions outside a required
seven-day or thirty-day period, resulting in incorrect historical quantities and

potentially misleading forecasting inputs.

Network configuration was another integration consideration. The mobile application
cannot always access a development service through localhost because the application
and backend may execute on different devices or environments. Appropriate network
addresses were therefore required when testing the prediction service from emulators

and physical devices.

This architecture maintains separation between forecasting and general application
responsibilities while allowing the Product Demand Prediction component to use live

Smart-Cost data and return forecasts through the existing user interface.
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Table 25:Integration points between the Smart-Cost backend and ML service
Smart-Cost / backend ML service

Integration point
responsibility responsibility

. Accept structured
Receive product and o
forecasting input

Forecast request forecasting request from
_ forwarded by the
the interface.
backend.
o Retrieve and filter Receive chronological
Historical data ]
relevant POS records. demand observations.
Use aggregated

‘ Produce product-level _
Aggregation ‘ observations for model-
daily-demand totals. . .
specific preprocessing.

Load/train model as
Invoke the required
Model execution ‘ ‘ appropriate and generate
forecasting operation.

forecast.
Receive structured Return forecast values
Response prediction result and and associated
return it to the interface. information.

Return meaningful
Handle unavailable
model/service status such
Error handling models, invalid requests
_ as model-not-trained
and service errors. -
conditions.

5.4 Verification and software testing

Testing was conducted at multiple levels to verify both the forecasting implementation
and its integration with Smart-Cost . The testing process included data validation,

model-level testing, API testing, integration testing, and forecast evaluation.
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Data testing first verified whether POS transactions were correctly converted into
product-level daily demand. Particular attention was given to date filtering and
quantity aggregation. If multiple transactions occurred for the same product on one
date, their quantities were expected to produce one daily total. Tests also verified that
a requested historical range, such as seven days, did not unintentionally include

observations from outside the specified dates.

Model-level testing verified whether trained forecasting models could be loaded and
used successfully. Prophet testing confirmed that valid chronological observations
could produce future yhat values. MLP testing verified input dimensions, seven-day
sliding sequences, scaling and inverse transformation, recursive prediction, and

prevention of negative final quantities.

Table 26:Product Demand Prediction API test cases

Test case Expected result

Retrieve available products A valid product list is returned.

o The request is accepted and a structured
Submit valid forecast request o _
prediction response is returned.

_ The request is rejected or handled with
Invalid or unknown product ]
an appropriate error response.

' o ) The system reports that adequate history
Insufficient historical observations ) )
is unavailable for the requested model.

o o The model-not-trained condition is
Prediction before model training
returned/handled.

o Only observations within the specified
Seven-day historical filter
seven-day range are aggregated.

) o ) Stored/available prediction records are
Retrieve prediction history . ‘
returned where history is enabled.
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Test case Expected result

The backend handles the service failure
ML service unavailable without returning misleading forecast

values.

Forecast accuracy was measured using MAE, MSE, and RMSE. Hyndman and
Koehler discuss the importance of appropriate measures when evaluating forecasting
accuracy [17]. During preliminary Bread-product testing, the MLP produced an MAE
0f2.43, MSE of 8.61, and RMSE o0f 2.94 for the recorded seven-day evaluation period.
Because this test period is limited, these values are treated as preliminary results rather

than generalized evidence of model performance.

API and integration testing verified the complete communication path between the
Smart-Cost application, Node.js backend, historical sales data, and Python forecasting
service. One identified condition was the “models not yet trained” response, which
occurred when prediction was attempted before the required model artefacts had been

generated. The training workflow was therefore required before prediction.

Finally, interface-level verification confirmed that returned forecasting information

could be displayed through the Product Demand Prediction interface.

Table 27:Functional verification test cases and results

Recorded

ID Verification Expected result
outcome

Verified in the
Only transactions for the
VTI1 Product filtering implemented
selected product are used.
workflow.
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Recorded

ID Verification Expected result
outcome
Same-day quantities are Verified in the
VT2 Daily aggregation | summed into one daily- implemented
demand value. workflow.
‘ Issue identified
Records outside the
Date-range o and corrected
VT3 ‘ requested historical range are . o
filtering using explicit
excluded. .
start/end filtering.
_ o Successfully
_ Valid chronological input
VT4 Prophet execution generated
produces future yhat values.
forecasts.
Seven-day input windows Successfully
VTS5 MLP execution produce future demand generated
values. forecasts.
Model-not-trained
o condition
Prediction is
o identified and
VT6 Model availability | prevented/handled when
. handled through
models are not trained.
the training
workflow.
Forecast response travels )
_ ‘ . Verified through
VT7 API integration from ML service through _ _ _
integration testing.
backend to Smart-Cost .
Returned forecasting '
Interface . . ‘ Verified at
VT8 ) information can be displayed |
presentation interface level.

to the user.
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Table 28:Integration issues identified and corrective actions

Issue

Observed effect

Corrective action

Incorrect historical date

filtering

A seven-day request
could include a larger
historical period and

produce an incorrect total.

Applied explicit start-date
and end-date conditions
and maintained date/time

consistency.

Models not yet trained

Prediction requests failed
because required model
artefacts were

unavailable.

Run the model-training
workflow and verify

artefacts before prediction.

Development network

Mobile/emulator clients

could not access a service

Use the correct host
address; for an Android

emulator, use the host-

Service separation

addressing using localhost on another
access address rather than
host. '
device localhost.
Different scaling between | Persist and reuse the
Preprocessing training and prediction training scaler for
consistency could invalidate MLP prediction/inverse
outputs. transformation.
Use HTTP/API
Backend and ML

dependencies operate in

different runtimes.

communication between
Node.js/Express and

FastAPI services.

5.5 Deployment and operation

The Product Demand Prediction component was designed to operate as part of the

deployed Smart-Cost

software environment. Deployment therefore required
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coordination between the application backend, persistent data storage, Python

forecasting service, trained model artefacts, and user-facing applications.

The Smart-Cost backend operates as a Node.js/Express service, while product and
transaction information is maintained using MongoDB. The Python forecasting
service executes independently and exposes the Product Demand Prediction
functionality to the backend. This service separation allows forecasting models and
machine-learning dependencies to be maintained without embedding them directly

within the primary application server.

Before forecasts can be generated, the required models must be trained and their
artefacts stored. Product-specific Prophet models and MLP models can be serialized
for subsequent use. The corresponding scaler must also be retained for the MLP
because future observations must undergo the same transformation used during model
training. A prediction request should therefore verify that the required model and

preprocessing artefacts are available before model execution.

During operation, the general workflow is:

1. User Selects 2. Forecast 3. Historical 4. Data 5. Model 6. Hybrid 7. Forecast 8. User Interface
Product Request Data Retrieval Preprocessing Loading / i icti (Results)
3 t Model 1( ) \
SmartCost - .‘ Prophet Hod prophet | wup SmartCost
Forecast || Forecast |
— . = ey ) ) Bread
v — 1 Handle missing values o~ \/ o= -
; Y 00w 0w
) bread > o R 4 Response (JSON)
2 cue Duaase Remove outiers « Load trained model Hybrid Model R VR —
(MongoD8) 4 * Generate d: Forecast (Next 7 Days) -
W™ Cones 1 Request Forecast -» Do cmiy| P Foewe dalytime series =» + Produce forecast (yhat) -»> - 12 e d
2024-01-01 2 Doy 2:24
Day3:27
- Tea > Product: Bread 2024-01-02 28 Normalize data. MLP Model / Doy 26
Period: 7 Days 2024-01-03 2 {for MLP) L did
G Sendwich ’ Request: /api/forecast 220108 2 Dn:;? F
Endpoint: Node js/Express 2 « Combine Prophet and Metrics:
 User selects a product o Retrieve historical £ MLP predictions MAE: 2.43
from SmartCost 2 feg" ':"*ffs‘ fRadast POS transactions 3 * Load trained model * Generate final demand MSE:8.61
« Choose forecast period D e « Filter by product * Use 7-day input window forecast RMSE: 2.94

« Include product ID

* Predict next days (recursive) * Improve stability and
* Aggregate by date Date
and forecast period ggreg: v

(daily demand) accuracy

(e.g. 7/ 30 days)

| A Forecast Response (Predicted Demand)
Return to SmartCost Interface

Figure 26:Actual and predicted product demand for the MLP model

The Smart-Cost platform itself is currently available through mobile application
distribution channels, including the Google Play Store and Apple App Store, and a
web-based version has also been developed. Consequently, the forecasting component
is designed within a software ecosystem that has progressed beyond the initial

prototype stage.
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Operational maintenance of the Product Demand Prediction component should include
continued collection of new sales observations, periodic model retraining, forecast-
error monitoring, and validation against newly observed actual demand. Forecasting
performance should not be assumed to remain constant because customer behaviour
and product-demand patterns can change over time. The operational design therefore
supports continued model improvement as larger quantities of genuine Smart-Cost

sales history become available.
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6 RESULTS AND VALIDATION

The evaluation of the Product Demand Prediction component examined whether
historical Smart-Cost POS data could be transformed into usable future-demand
estimates and whether the developed forecasting workflow could operate successfully
within the Smart-Cost environment. Validation considered four areas: forecasting
behaviour, technical implementation, application integration, and the practical

usefulness of the resulting prediction functionality.

The experimental implementation successfully transformed product-level historical
demand into inputs suitable for both Prophet and Multilayer Perceptron (MLP)
forecasting. Prophet generated future product-demand estimates based on
chronological demand behaviour, while the MLP used seven-day historical windows
to estimate subsequent demand. The two forecasting outputs also provided the inputs
required for the proposed Hybrid Demand Prediction process. The use of
complementary models is consistent with previous research indicating that hybrid or
ensemble approaches can be useful when demand series exhibit different

characteristics [4], [9].

Quantitative validation was performed using Mean Absolute Error (MAE), Mean
Squared Error (MSE), and Root Mean Squared Error (RMSE). These metrics were
selected because forecast accuracy should be assessed using objective measures rather
than visual comparison alone [17]. During the recorded preliminary evaluation for the
Bread product, the MLP achieved an MAE of 2.43, MSE of 8.61, and RMSE of 2.94
over a seven-day test period. These results indicate that the implemented forecasting
pipeline was capable of producing predictions reasonably close to the observed values

within this limited experiment.

However, the seven-day evaluation period is insufficient to claim generalized
forecasting superiority. Forecasting performance can vary according to product
characteristics, data volume, forecasting horizon, and demand pattern [1], [18].
Therefore, the reported measurements are treated as preliminary validation rather than

evidence that the MLP or hybrid approach will always outperform alternative models.
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Technical validation confirmed that historical data retrieval, preprocessing,
forecasting, and delivery of prediction results could be integrated into the Smart-Cost
architecture. Consequently, the research demonstrates the technical feasibility of an
end-to-end Product Demand Prediction workflow, while broader real-world validation

remains necessary to establish its long-term predictive performance.

6.1 Research results

The research results demonstrate that historical product-demand observations can be
systematically transformed into a structure suitable for machine-learning and time-
series forecasting. POS transactions were aggregated according to product and date,
producing chronological daily-demand series that could be supplied to the selected
forecasting algorithms. This achieved the first research objective of establishing a

reusable product-level demand-data preparation process.

Actual and Predicted Product Demand (MLP Model) Product Forecast eriod Model
l Comparison of actual sales and MLP model predictions for the selected product ;" Bread v 9 Next7Days v (@) MLP v
Historical Data (Actual vs MLP Prediction) Forecast (Next 7 Days)

)
5
2 4
= e
2 -
E =5 S
4
[=]
o | : L y o :
Aug17 Aug 19 Aug 21 Aug 23 Aug 25 Aug 27 Aug 29 Aug 31 Sep 02 Sep 04 Sep 04 Sep 06
Date
—e— ActualSales  —® = MLP Predicted Sales (Historical) =@ = MLP Forecast (Next 7 Days) Prediction Confidence Interval
Q Model Evaluation (Historical Data) Forecast Results (Next 7 Days) ! Insights
Date Actual Sales MLP Prediction Increasing Demand Trend
MAE MSE - MAPE 2025-08-31 - 18.4 A The MLP model predicts a steady increase in demand
20250901 201 for Bread over the next 7 days
- )
281 1123 335 126% 20250902 . 23 e Dot
2025-09-03 240 U  Predicted demand is 28.9 units on Sep 06, 2025
202509-04 256 " (58% higher than the current average)
Lho0s = 24 Model Performance
2025-09-06 - 289 .ll The MLP model shows good accuracy with a low

MAE of 2.81 units.

Figure 27:Actual and predicted product demand for the MLP model

The Prophet model successfully generated future demand estimates from
chronological product-demand observations. The implementation produced the
expected forecast output containing yhat, representing the predicted quantity, together
with lower and upper forecast estimates. This confirmed that product-level POS
histories could be processed using Prophet's business time-series forecasting

methodology [2].
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The MLP neural network also successfully generated product-demand forecasts.

Seven consecutive daily observations were used as the historical input window, and

the network learned a nonlinear relationship between these values and subsequent

demand. The applicability of neural networks to nonlinear forecasting problems has

been established in previous forecasting research [5].

l/\_} Prophet Seven-Day Product Demand Forecast

Forecasting future demand for Bread using Facebook Prophet (trend + seasonality)

[A_ﬁ Sales History and Prophet Forecast (Next 7 Days)

Historical Data
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0

Product Forecast Period Model
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9 Next7Days v

" Forecasted Demand (Next 7 Days)

Forecast (Next 7 Days) . Date Prophet Forecast  Lower Bound Upper Bound
2025-09-01 184 121 247
2025-09-02 201 13.0 272
s 2025-09-03 223 148 298

==

i
|
i
i L gy e an 2025-09-04 2.0 16.1 325
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—e— Actual Sales (Historical)  —# ~ Prophet Forecast (Next 7 Days)
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MAPE
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Recommendation
Consider increasing stock levels to avoid potential stockouts.

Figure 28:Prophet seven-day product demand forecast

For the preliminary Bread evaluation, the MLP achieved the following recorded results

Bread :
Table 29:Preliminary MLP forecasting performance for Bread
Evaluation item Recorded result

Product Bread

Model MLP

Evaluation period 7 days

MAE 2.43

MSE 8.61

RMSE 2.94
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The MAE indicates an average absolute forecasting error of approximately 2.43 units

during the evaluated seven-day period. The RMSE of 2.94 units provides an additional

interpretation of prediction error while giving greater influence to larger individual

errors. These measures are appropriate for examining forecasting accuracy, although

their interpretation should always consider the scale and characteristics of the

evaluated demand series [17].

MLP Seven-Day Product Demand Forecast Product Forecast Period Model
Forecasting future demand for Bread using MLP (7-day sliding window) ’ Bread v 9 Next7Days ~ t@ MLP
l/i I Actual Sales and MLP Forecast (Next 7 Days) a ’ MLP Forecasted Demand (Next 7 Days)
Historical Data Forecast (Next 7 Days) MLP Prediction
™ y Date (Units) Lower Bound Upper Bound
o ‘ 2025-09-02 189 134 25
£ ‘ 2025-09-03 202 148 257
S "
= ‘ e 2025-09-04 21 163 278
[ -
g o - 2025-09-05 244 187 301
1
& 34 2025-09-06 267 212 35
‘ 2025-09-07 289 21 3856
0 S e T T T T o
Aug 18 Aug 21 Aug 24 Aug 27 Aug 30 Sep01 Sep02  Sep03  Sep04  Sep0S  Sep06  Sep07 2025-09-08 314 %8 4“2
Date
—e— Actual Sales (Historical)  — ® — MLP Forecast (Next 7 Days) Confidence Interval (95%)
O Model Evaluation (Historical Data) “@ Insights & Recommendations
A Increasing Demand Trend
MAE MSE RMSE MAPE The MLP model predicts a steady increase in demand for Bread over the next 7 days.
0, puch Expected Demand (Sep 08, 2025)
2'81 1 1 '23 3'35 1 2'6 /o Predicted demand is 31.4 units (95% CI: 25.8 - 41.2).
units units? unit

Recommendation
Consider increasing stock levels to 30-35 units to avoid potential stockouts.

Figure 29:MLP seven-day product demand forecast

Table 30:Seven-day actual and predicted demand values for the MLP model

Day Actual demand MLE predicted Absolute error
demand
Day 1 40 38.0 2.0
Day 2 42 44.0 2.0
Day 3 38 35.0 3.0
Day 4 45 47.0 2.0
Day 5 48 45.0 3.0
Day 6 50 48.0 2.0
Day 7 43 46.0 3.0
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The research additionally established the technical structure required for Hybrid
Demand Prediction using Prophet and MLP outputs. However, a numerical claim that
the hybrid model outperforms both individual models should only be made after all
models are evaluated against the same held-out observations. Therefore, no
unsupported superiority claim is made from the currently available experimental

evidence.

Table 31:Seven-day Prophet forecast results

Prophet predicted
Forecast day Lower estimate Upper estimate
demand (yhat)

Day 1 38.5 34.2 42.8

Day 2 38.6 34.0 43.2

Day 3 39.1 345 43.7

Day 4 40.2 354 45.0

Day 5 459 40.6 51.2

Day 6 46.9 41.4 52.4

Day 7 41.6 36.7 46.5
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.I Actual vs Predicted product demand for Bread (Next 7 Days) \’ Bread v B9 Next7Days v c@, Prophetvs MLP v
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5
£
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Date
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msor 184 s P e tots whi it
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T 20250906 - 271 289
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30~ 35 units to avoid potential stockouts.

Figure 30:Comparison of Prophet and MLP forecasting results
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Table 32:Comparison of Prophet and MLP forecasting performance

Metric Prophet MLP Interpretation

Compare only after
both models are
MAE Not yet supplied | 2.43 evaluated on
identical held-out

dates.

Lower values

‘ indicate lower
MSE Not yet supplied 8.61
squared forecast

CITor.

Lower values

‘ indicate lower error
RMSE Not yet supplied | 2.94 ‘ o
in the original

demand scale.

Hybrid Product Demand Prediction Result Product Forecast Period Model
'l Combined Prophet and MLP predictions for more accurate demand forecasting \’ Bread v (9 Next7Days v @ Hybrid (Prophet + MLP) +
[,\_/' Actual vs Predicted Demand (Hybrid Model) / 7-Day Forecasted Demand (Hybrid)
Historical Data _Forecast (Next 7 Days) o M Hybid  Lower  Upper
Prediction  Prediction  Prediction ~ Bound  Bound
. 20250901 184 189 187 141 233
@
g 20250902 201 202 202 152 252
1 20250903 23 21 22 68 276
% 20250904 24.0 244 243 185 301
o
20250905 256 26.7 26.2 24 320
o — 20250906 271 289 28.0 21 348
Aug25 Aug26 Aug2s Aug23 Aug29 Aug30 Aug3l  Sep01 Sep02 Sep03 SepO4 Sep05 Sep06 Sep07 20250907 289 314 202 243 361
Date
—&— Actual Soles  — @~ Prophet Prediction  — % — MLP Prediction  —#— Hybrid Prediction Confidence Interval (95%)
£} Model Performance (Historical Data) & Model Contribution (Hybrid) “@ Key Insights
KT Increasing Demand Trend
Model MAE | MSE | RMSE | MAPE | é @ Povhet ' Hybrid model predicts a steady increase in demand
i for Bread over the next 7 days.
Prophet 243 8.65 2.94 11.2% (Frends-5easoneity)
o @ Predicted demand on Sep 07, 2025 is 30.2 units
81 1. i g Recent P: i Sep 07,2025k
MLP 28 1.23 335 12.6% (Recent Patterns) O CE245 360
Hybrid <@ Recommendation
(Prophet + MLP) 212 638 253 2.8% o Hybrid prediction combines 60% Prophet and 40% MLP Q’ Consider increasing stock levels to 30 = 35 units

using weighted averaging to improve accuracy. to avoid potential stockouts.

Figure 31:Hybrid Product Demand Prediction result
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Table 33:Hybrid forecasting performance results

Metric

Prophet MLP

Interpretation

MAE Not yet supplied 2.43

Compare only after
both models are
evaluated on
identical held-out

dates.

MSE Not yet supplied 8.61

Lower values
indicate lower
squared forecast

CITor.

RMSE Not yet supplied 2.94

Lower values
indicate lower error
in the original

demand scale.

Table 34:Hybrid forecasting performance results

Evaluation item

Hybrid result

Status / interpretation

MAE

Not yet supplied

Do not claim
improvement until
measured on the same

held-out observations.

MSE

Not yet supplied

Requires actual hybrid
predictions and
corresponding actual

demand.

RMSE

Not yet supplied

Requires equivalent

evaluation conditions.
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Evaluation item Hybrid result Status / interpretation
Comparison with Prophet | Not yet established Determine empirically.
Comparison with MLP Not yet established Determine empirically.

Table 35:Overall forecasting model performance comparison

Model MAE MSE RMSE Evidence status
Forecast outputs exist,
Not yet Not yet Not yet but comparable error
Prophet _ _ ‘ ‘
supplied supplied supplied metrics were not
supplied.
Preliminary Bread
MLP 2.43 8.61 2.94
result over seven days.
Architecture/workflow
) Not yet Not yet Not yet established;
Hybrid . . : : :
supplied supplied supplied comparative metrics
not supplied.
Naive /
Recommended for
seasonal- Not yet Not yet Not yet
. stronger future
naive evaluated evaluated evaluated S
) validation.
baseline
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Figure 32:Forecasting model performance comparison using MAE and RMSE

6.2 Product and technical results

The technical results demonstrate that the Product Demand Prediction research was
successfully converted from model experimentation into an integrated Smart-Cost
capability. The completed workflow supports historical sales retrieval, product-level
aggregation, preprocessing, model execution, future-demand generation, forecast

evaluation, and presentation of results through the application environment.

The Prophet implementation successfully accepted chronological ds and vy
observations and generated future yhat predictions. This implementation provides a
forecasting path focused on temporal and seasonal behaviour, consistent with Prophet's

intended application to business time series [2].

The MLP implementation successfully converted chronological demand into seven-
day sliding windows and generated subsequent demand predictions. The final
implementation uses two hidden layers containing 64 and 32 neurons, ReLU
activation, the Adam solver, and early stopping. Multi-day predictions can be
generated recursively by shifting the historical input window and incorporating each

new prediction into the following sequence. This enables forecasting beyond a single
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future observation, although recursive forecasting can become increasingly sensitive

to accumulated prediction errors across longer horizons [14].

A further technical result was the successful serialization and reuse of forecasting
artefacts. Product-specific models and the preprocessing scaler can be stored and
subsequently loaded for prediction rather than requiring complete retraining for every

request.

The Product Demand Prediction interface was also designed to support different
historical and forecasting views. Users can select a product, request prediction
information, and examine historical demand alongside generated forecasts. The
technical workflow therefore converts raw transaction data into information that is

more directly applicable to inventory and purchasing decisions.

The implementation additionally revealed operational conditions that required
correction, including incorrect historical aggregation when date filters were not
explicitly applied and prediction failures when models had not yet been trained.
Resolving these conditions strengthened the reliability of the end-to-end forecasting
workflow and provided practical evidence obtained through implementation rather

than model evaluation alone.

6.3 User or stakeholder validation

Stakeholder validation of the Product Demand Prediction component focused on its
practical role as a decision-support function within Smart-Cost . The component was
designed for users who need to understand previous product demand and obtain an
indication of possible future quantities without directly interacting with forecasting

algorithms or machine-learning code.

From a usability perspective, the forecasting workflow reduces the technical
complexity visible to the user. The user selects the required product and forecasting
context through Smart-Cost , while historical-data preparation, model execution, and

prediction processing occur within the backend and machine-learning layers. The
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resulting demand information is then returned through the application interface in a

form that can be interpreted for inventory and purchasing decisions.

The wider Smart-Cost platform has progressed to real-world deployment through
mobile application distribution and a web-based version and has established a
customer base exceeding 30 customers. This provides an operational environment in
which the Product Demand Prediction component can be progressively evaluated

using genuine business data as longer sales histories become available.

However, the existing evidence does not justify claiming that 30+ customers
individually evaluated the Product Demand Prediction model or that a formal user
study produced a particular satisfaction percentage. Such claims should only be
included if supported by collected questionnaires, interviews, usability tests, or
recorded stakeholder feedback. Therefore, current validation should distinguish
between adoption of the wider Smart-Cost product and formal validation of this

individual forecasting component.

For future formal stakeholder validation, users can evaluate factors such as forecast
clarity, usefulness for inventory planning, ease of interpreting predicted quantities,
confidence in the prediction information, and overall usefulness of the demand
dashboard. A structured Likert-scale questionnaire could convert these observations

into measurable usability evidence.

Accordingly, the current stakeholder result demonstrates that the forecasting
component has been designed and integrated within a system with real operational
users, while formal component-specific user-validation results should only be reported

after such evidence has been collected.

6.4 Integration results

Integration testing demonstrated that the Product Demand Prediction component could
communicate across the principal technical layers required for operational forecasting.

The tested integration involved the Smart-Cost interface, Node.js/Express backend,
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historical POS data, Python machine-learning service, preprocessing workflow,

forecasting models, and forecast response.

The successful request-to-response sequence was:

1. SmartCost 2. Historical 3. Product-Level 4. Python ML Service 5. Data Preprocessing 6. Prophet / MLP 7. Prediction 8. SmartCost

Interface POS Retrieval Aggregation Execution Response Interface (Results)
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Figure 33:Successful Request-to-Response Execution Sequence of the Product Demand
Prediction System

Historical POS records were successfully retrieved and converted into daily product-
demand observations. This confirmed that operational transaction information could

be transformed into the chronological structure required by the forecasting service.

During integration testing, an important issue was identified in historical date filtering.
A request intended to calculate demand for a seven-day period initially produced an
unexpectedly large total because the aggregation logic did not correctly restrict records
to the requested date range. Explicit start-date and end-date filtering corrected this
behaviour. This result demonstrated the importance of validating the data pipeline
independently from model accuracy because incorrect historical input can invalidate

otherwise correctly implemented forecasts.

A second integration issue occurred when prediction was requested before model
training. The system returned a “models not yet trained” condition. The workflow was
corrected by ensuring that model training and required model artefacts were available

before prediction requests were processed.

Network communication between the application and development services was also

verified. Appropriate backend addresses were required when testing from physical

93




devices or emulators because localhost does not necessarily reference the machine

hosting the forecasting service.

Overall, these results confirm that the Product Demand Prediction component can
function as an integrated Smart-Cost service rather than only as an independent

Python forecasting experiment.

6.5 Summary of findings

The results provide evidence that the principal technical objectives of the Product
Demand Prediction research were achieved. First, historical POS transactions could be
transformed into product-level daily-demand time series, establishing a consistent

input structure for forecasting.

Second, two complementary forecasting approaches were successfully implemented.
Prophet provided a time-series forecasting mechanism for learning temporal demand
behaviour [2], while the MLP neural network provided a mechanism for learning
nonlinear relationships from recent historical observations [5]. The research also
established the architecture necessary to use their outputs within a Hybrid Demand
Prediction workflow, consistent with the motivation for combining complementary

forecasting methods identified in previous research [4], [9].

Third, quantitative evaluation demonstrated that forecasting performance could be
measured objectively. In the available preliminary Bread experiment, the MLP
achieved MAE = 2.43, MSE = 8.61, and RMSE = 2.94. These measurements confirm
that the implemented model generated measurable predictions close to the observed
values during the tested seven-day period. Nevertheless, the limited evaluation period

prevents a generalized conclusion regarding model superiority.

Fourth, integration testing confirmed that historical Smart-Cost sales information
could travel through the complete forecasting pipeline and return as demand
predictions to the application. Problems involving date-range aggregation, model
availability, and network communication were identified and addressed during

implementation.
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The overall findings therefore demonstrate the technical feasibility of integrating

product-level demand forecasting into Smart-Cost . At the same time, they identify the

need for continued evaluation using larger chronological test periods and genuine

business sales histories. As additional real-world Smart-Cost

data accumulates,

Prophet, MLP, and the hybrid approach should be evaluated against identical test

periods and across multiple products. This will provide stronger evidence regarding

forecasting reliability, model selection, and the practical value of Product Demand

Prediction for micro-SME inventory planning.

Table 36:Summary of findings against the research objectives

Objective

Evidence / finding

Status

Prepare product-

demand data

POS records were
transformed into
chronological daily

product-demand series.

Achieved.

Implement Prophet

Prophet accepted ds/y
data and generated

future yhat forecasts.

Achieved.

Implement MLP

Seven-day sliding-
window MLP generated
product-demand

forecasts.

Achieved.

Investigate hybrid

forecasting

Prophet and MLP
outputs were
incorporated into the
hybrid forecasting

architecture.

Implemented/investigated;

superiority not established.
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Objective

Evidence / finding

Status

Quantitatively evaluate

forecasts

MAE, MSE and RMSE
were implemented;
Bread MLP produced
2.43, 8.61 and 2.94

respectively.

Achieved at preliminary

level.

Integrate with Smart-
Cost

Forecasting was
connected through
historical data,
backend, Python ML

service and interface.

Achieved technically.

Establish broad real-
world predictive

validity

Current evidence is
limited by synthetic
development data and
short recorded

evaluation.

Requires further validation.
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7 DISCUSSION

The findings demonstrate that the Product Demand Prediction component can
transform historical Smart-Cost Point-of-Sale (POS) transactions into product-level
forecasts through an integrated machine-learning workflow. The research achieved
this by preparing chronological daily-demand series and applying two complementary
forecasting approaches: Prophet for time-series characteristics and a Multilayer
Perceptron (MLP) for nonlinear relationships in recent demand. This combination
reflects the wider forecasting literature, which shows that retail-demand behaviour can
vary across products and that different forecasting approaches may capture different

characteristics of a time series [1], [4], [18].

The preliminary quantitative results provide evidence that the implemented MLP can
generate measurable short-term forecasts. For the Bread product, the recorded seven-
day evaluation produced an MAE of 2.43, MSE of 8.61, and RMSE of 2.94. These
values demonstrate technical forecasting capability, but they should not be interpreted
as evidence that the MLP is universally superior. Hyndman and Koehler emphasize
that forecast-accuracy measures must be interpreted appropriately when comparing
forecasting methods [17]. Furthermore, the current evaluation period is too limited for

broad generalization.

An important outcome of the research is that forecasting was implemented as part of
an operational software architecture rather than remaining as an independent
experimental model. Historical data retrieval, aggregation, preprocessing, forecasting,
evaluation, APl communication, and result visualization were incorporated into the
Smart-Cost environment. This addresses a practical dimension of demand prediction

by connecting forecasting research with business decision support.

The Hybrid Demand Prediction approach further provides a basis for utilizing
complementary information from Prophet and MLP. Previous studies have
demonstrated the potential of hybrid and ensemble forecasting [4], [9]. Nevertheless,

the present research does not claim that the hybrid approach is more accurate until
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Prophet, MLP, and hybrid forecasts have been evaluated under identical experimental

conditions across a larger number of products and dates.

Overall, the findings support the feasibility of integrated Product Demand Prediction

while also identifying the need for broader real-world validation.

7.1 Interpretation of findings

The results indicate that historical POS data can provide a practical foundation for
product-level demand forecasting when the transaction records are transformed into a
consistent chronological representation. The successful conversion of individual sales
transactions into daily product-demand series was important because both forecasting

models depend on reliable temporal observations.

The MLP results provide preliminary evidence that recent historical demand contains
information useful for short-term prediction. For Bread, an MAE of 2.43 means that
the predicted quantity differed from the actual quantity by approximately 2.43 units on
average during the seven evaluated observations. The RMSE of 2.94 is slightly higher
because squared-error-based measures give greater influence to larger individual
forecasting errors. Forecasting literature recommends careful interpretation of

accuracy measures because different metrics emphasize different aspects of error [17].

The Prophet implementation produced another perspective on the same forecasting
problem. Unlike the MLP, which learns nonlinear relationships from a seven-day
historical window, Prophet was designed to represent temporal structure within
business time series [2]. This distinction is important because the models should not
be viewed as identical algorithms competing only for the lowest error. Instead, each

represents a different method of learning from historical demand.

The findings also demonstrate why preprocessing and integration quality are as
important as model implementation. During development, incorrect date filtering
initially caused historical totals to include observations outside the requested period.
This illustrates that a technically correct forecasting algorithm can still generate

misleading results if the input pipeline is incorrect.
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The findings therefore support the use of a multi-model forecasting architecture, but
they do not establish a universally superior model. Differences in product-demand
behaviour have been recognized in previous research [18], and the most appropriate
forecasting method may consequently vary according to the product, available history,

and forecasting horizon.

7.2 Comparison with literature baselines and existing solutions

The findings are broadly consistent with previous research demonstrating that retail-
demand forecasting can benefit from both statistical/time-series and machine-learning
approaches. Fildes, Ma, and Kolassa describe retail forecasting as a complex problem
involving heterogeneous products, different data levels, and operational forecasting
requirements [1]. The Smart-Cost results reinforce this perspective because the
developed component must handle product-specific chronological histories rather than

assuming identical behaviour across all products.

The Prophet implementation follows the forecasting direction introduced by Taylor
and Letham, who developed Prophet for practical business time-series forecasting [2].
In Smart-Cost , Prophet provides the model responsible for learning temporal

behaviour and generating future product-demand estimates.

The MLP implementation is consistent with earlier research showing the applicability
of artificial neural networks to forecasting. Zhang, Patuwo, and Hu established neural
networks as an important nonlinear forecasting approach [5], while Carbonneau,
Laframboise, and Vahidov investigated machine-learning techniques for supply-chain
demand forecasting [7]. Doganis et al. further demonstrated the relevance of neural-
network forecasting for short shelf-life food products [8], a useful comparison for

Smart-Cost businesses dealing with bakery or food-related inventory.

The hybrid direction is supported by Aburto and Weber, who investigated hybrid
demand forecasting for supply-chain management [9]. Mejia and Aguilar similarly
demonstrated the relevance of ensemble forecasting when product categories possess

different time-series characteristics [4].
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However, a direct numerical claim that Smart-Cost outperforms these published
approaches would be inappropriate because the datasets, products, test periods, and
experimental protocols are different. The current study also lacks a fully reported naive
or seasonal-naive baseline. Such a baseline should be included in extended validation
because a forecasting model should ideally demonstrate improvement over a simple

reference prediction before increased model complexity is considered beneficial [15].

7.3 Research contribution

The principal research contribution is the development and evaluation of an integrated
Product Demand Prediction framework for the Smart-Cost environment. The
contribution does not lie in inventing Prophet, MLP, or general hybrid forecasting.
Instead, it lies in adapting these approaches into a structured forecasting pipeline

designed around product-level POS information.

The first contribution is a preprocessing strategy that converts transaction-level records
into chronological daily-demand series. This establishes a common forecasting

representation from operational POS information.

The second contribution is the implementation of two complementary forecasting
perspectives. Prophet represents temporal and seasonal characteristics of product
demand [2], while the MLP learns nonlinear relationships from recent seven-day
demand sequences. The use of complementary approaches is relevant because

previous research indicates that product-demand characteristics can vary substantially

[4], [18].

The third contribution is the Hybrid Demand Prediction framework, which establishes
a mechanism for bringing the Prophet and MLP forecasting paths together. Previous
studies have demonstrated the potential of hybrid and ensemble forecasting [4], [9],
but the present research investigates this principle specifically within the Smart-Cost

Product Demand Prediction environment.

The fourth contribution is the integration of forecasting with the operational software

architecture. The research connects POS data retrieval, preprocessing, machine-
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learning execution, quantitative evaluation, backend communication, and prediction

visualization into a complete workflow.

Finally, the research contributes preliminary empirical evidence from the implemented

MLP. The Bread evaluation produced MAE = 2.43, MSE = 8.61, and RMSE = 2.94

over the recorded seven-day evaluation period. These results establish an initial

measurable benchmark for the implemented component while leaving broader

comparative evaluation as future work.

Accordingly, the research contribution is best characterized as an applied forecasting

and system-integration contribution focused on converting operational POS

information into product-level predictive decision support.

Table 37:Summary of Research Objectives, Achieved Outcomes, and

Remaining Work

Research objective

Achieved outcome

Remaining work

Structured demand-data

preparation

Product-level daily
demand can be
constructed from POS

transactions.

Validate across larger
real-world Smart-Cost

datasets.

Prophet forecasting

Configured Prophet model
generates future product-

demand estimates.

Evaluate on longer
identical test periods

across products.

Implemented seven-day

Assess robustness over

MLP workflow with
MLP forecasting longer horizons and
recursive multi-step
_ multiple products.
forecasting.
) Define/validate
. Architecture supports o
Hybrid Demand combination strategy and
o complementary Prophet _
Prediction compare against

and MLP outputs.

individual models.
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Research objective Achieved outcome Remaining work

MAE, MSE and RMSE Add Prophet, hybrid and
' are available; preliminary | simple baseline metrics

Forecast evaluation
Bread MLP metrics under equivalent

recorded. conditions.

End-to-end request-to- ‘ o
) Continue monitoring and
response forecasting
Smart-Cost integration retraining as genuine data
workflow is operationally
. accumulates.
integrated.

7.4 Product contribution

The product contribution of this research is the addition of a data-driven Product
Demand Prediction capability to Smart-Cost . Conventional POS functionality
primarily records completed transactions and enables users to examine historical sales.
The developed component extends the use of this information by processing historical

product demand and generating estimates for future periods.

From a business-user perspective, the component provides a mechanism for selecting
a product, retrieving its historical demand, executing forecasting models, and viewing
predicted future quantities through Smart-Cost . This creates a practical connection

between historical transaction data and forward-looking inventory decisions.

The component also contributes to Smart-Cost 's technical architecture. Forecasting is
implemented through a dedicated Python machine-learning service that communicates
with the existing Node.js/Express backend. This modular structure separates model
processing from general application operations and allows forecasting algorithms to
be retrained or enhanced without requiring fundamental changes to the entire POS

platform.
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Another product contribution is the support for multiple forecasting perspectives.
Rather than exposing a single fixed forecasting mechanism, the technical design
accommodates Prophet, MLP, and Hybrid Demand Prediction. This provides a
foundation for future model-selection strategies in which forecasting behaviour could

be adapted according to individual-product characteristics.

The Product Demand Prediction component also benefits from being developed within
an existing operational software ecosystem. Smart-Cost 1is available through mobile
application distribution channels, a web version has been developed, and the wider
product has established a customer base exceeding 30 customers. This provides an
environment in which increasingly large real-world historical sales datasets can

become available for future forecasting validation.

The product contribution should nevertheless be distinguished from product-wide
adoption. The existence of Smart-Cost customers demonstrates adoption of the
broader platform; it does not by itself demonstrate that all customers have evaluated
or actively used the Product Demand Prediction functionality. Formal component-

specific usage evidence should therefore be reported separately when available.

7.5 Limitations and threats to validity

Several limitations affect the interpretation and generalizability of the current findings.
The most significant limitation is data availability. Synthetic POS-style observations
were used during development where sufficient long-term real-world product-sales
history was unavailable. Synthetic data is useful for verifying preprocessing, model
training, API communication, and forecasting workflows, but it cannot fully reproduce

genuine customer-demand behaviour.

A second limitation concerns the evaluation period. The recorded Bread MLP results
were calculated over seven observations. Although the results demonstrate that the
model can produce measurable predictions, such a small test period is insufficient to
establish reliable general performance. A longer chronological holdout period should

be used for final comparative evaluation.
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The current forecasting inputs also exclude several external variables. Product demand
may be influenced by promotions, public holidays, price changes, weather, local
events, stock-outs, and business closures. Huber and Stuckenschmidt demonstrated the
importance of calendar-related special days in daily retail forecasting [3]. Failure to

represent such factors can therefore limit predictive accuracy.

Another threat concerns recursive multi-step MLP forecasting. When a predicted value
becomes an input to the next forecasting step, prediction errors may propagate across
the forecast horizon. Multi-step forecasting strategy has been identified as an important

consideration in time-series research [14].

Potential data leakage is another validity concern. Scaling and preprocessing
parameters must be derived from training observations rather than the complete
dataset. Similarly, chronological splitting should be maintained instead of randomly

mixing future observations into training data.

Finally, the available evidence does not yet establish that the hybrid approach
statistically outperforms both individual models. A stronger evaluation should
compare Prophet, MLP, hybrid, and simple baseline methods across identical test
dates, multiple products, and longer real-world periods before drawing generalized

conclusions.

Table 38:Current Limitations and Proposed Future Improvements of the
Product Demand Prediction System

Proposed future
Current limitation Effect on research
improvement

Train and validate using
‘ May not reproduce o i
Synthetic development ) longer histories of genuine
genuine customer-
data . Smart-Cost POS
demand behaviour. _
transactions.
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Current limitation

Effect on research

Proposed future

improvement

Seven-day recorded

MLP evaluation

Too short for broad

generalization.

Use longer chronological
holdouts and rolling-
origin/walk-forward

evaluation.

Limited external

Demand effects from
promotions, holidays,

weather, price and stock

Add relevant explanatory

variables where reliable

variables o . _
availability may be data is available.
missed.
Compare direct/multi-
) Errors can propagate )
Recursive MLP ) output strategies and
. across multi-day .
forecasting monitor error by forecast

horizons.

horizon.

No complete comparable

Prophet/hybrid metrics

Model superiority cannot

currently be established.

Evaluate Prophet, MLP
and hybrid on identical

dates and products.

No simple baseline

reported

Cannot establish whether
model complexity
improves over a simple

reference.

Add naive and seasonal-

naive forecasts.

One-year synthetic

history for annual effects

Limited evidence for
robust yearly seasonal

learning.

Use multi-year real-world
history before drawing
strong annual-seasonality

conclusions.

105




Proposed future
Current limitation Effect on research
improvement

Introduce continuous

monitoring, periodic
. . Demand patterns may o
Static model behaviour retraining and
change after deployment.
performance-based model

selection/weighting.

7.6 Implications

The research has implications for both micro-SME decision support and future
demand-forecasting development within Smart-Cost . At the operational level, the
component demonstrates how transaction data already generated by a POS system can
be reused for predictive purposes. This reduces the need for a completely separate
forecasting data-collection process because historical product sales provide the

primary input.

For business users, demand predictions can provide an additional source of
information when deciding how much stock to purchase or prepare. This is particularly
relevant to businesses dealing with short shelf-life products, where forecasting has
practical implications for balancing product availability against potential wastage [8].
Nevertheless, predictions should support rather than replace managerial judgement
because future demand can be influenced by events that are not represented in

historical data.

The findings also have implications for model selection. Different products may
exhibit different demand characteristics [18]. Smart-Cost should therefore avoid
assuming that one forecasting algorithm must permanently serve every product.
Continued evaluation could allow future versions of the component to select or weight

models according to historical performance for individual products.

The deployed Smart-Cost environment creates an additional research opportunity. As

genuine POS histories accumulate across operational users, the forecasting models can

106




be retrained and evaluated using increasingly representative datasets. This can enable
evaluation across different business types, products, seasonal periods, and forecasting

horizons.

Future development should also investigate explanatory variables such as promotions,
holidays, price changes, and stock availability. Calendar information has previously
been shown to be relevant to daily retail-demand forecasting [3]. Longer chronological
validation, naive and seasonal-naive baselines, rolling-origin evaluation, and
systematic comparison of Prophet, MLP, and hybrid forecasts would further

strengthen the evidence.

Therefore, the broader implication of the research is that Product Demand Prediction
can evolve from a fixed forecasting feature into a continuously evaluated decision-
support capability, improving as Smart-Cost accumulates additional real-world sales

history and operational evidence.
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8 CONCLUSION AND FUTURE DIRECTIONS

This research designed, implemented, and evaluated the Product Demand Prediction
component of Smart-Cost , with the objective of transforming historical Point-of-Sale
(POS) transactions into future product-demand estimates that can support inventory
and operational decision-making. The study addressed the complete prediction
workflow rather than treating forecasting as an isolated machine-learning experiment.
Historical transactions were aggregated into chronological daily-demand series,
processed for model training, forecast using complementary algorithms, quantitatively

evaluated, and integrated into the Smart-Cost application environment.

Two principal forecasting approaches were investigated: Prophet and a Multilayer
Perceptron (MLP) neural network. Prophet was selected for its ability to model
business time-series behaviour and recurring temporal patterns [2], while the MLP was
implemented to learn nonlinear relationships from recent product-demand
observations, consistent with established neural-network forecasting research [5]. A
Hybrid Demand Prediction approach was additionally investigated to provide a
framework for utilizing the complementary characteristics of both forecasting
methods. This direction is supported by previous research demonstrating the potential

of hybrid and ensemble approaches for demand forecasting [4], [9].

The implemented MLP produced preliminary measurable results for the Bread
product, recording an MAE of 2.43, MSE of 8.61, and RMSE 0f2.94 over the available
seven-day evaluation period. These results confirm that the implemented workflow
can generate quantitatively assessable demand forecasts. However, they are treated as
preliminary evidence rather than proof of general forecasting superiority because

broader chronological testing is required [17].

The research also demonstrated successful technical integration between historical
POS information, the Node.js/Express backend, Python machine-learning service,
forecasting models, and Smart-Cost interface. Therefore, the principal outcome is an
end-to-end Product Demand Prediction capability capable of converting operational

sales data into forward-looking information.
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Future work should prioritize larger real-world datasets, longer chronological
evaluation periods, additional explanatory variables, stronger forecasting baselines,
systematic hybrid-model evaluation, and continuous model retraining as additional

Smart-Cost sales histories become available.

8.1 Conclusion

The Product Demand Prediction research demonstrates the technical feasibility of
using historical Smart-Cost POS information to generate product-level future-demand
estimates. The study began from the practical problem that micro and small enterprises
must make inventory and product-planning decisions before actual future demand is
known. Historical transaction data provides valuable evidence of previous demand,
but this information must be systematically processed before it can support predictive

decision-making.

The developed solution converts transaction-level records into chronological daily-
demand series and applies Prophet and MLP forecasting. Prophet provides a structured
method for modelling temporal behaviour within business time series [2]. The MLP
provides a complementary machine-learning approach capable of learning nonlinear
relationships from recent observations [5]. These different characteristics motivated
the inclusion of a Hybrid Demand Prediction approach, consistent with literature

demonstrating the potential of combining forecasting methods [4], [9].

Preliminary quantitative evaluation confirmed that the implemented MLP can generate
measurable forecasts. For the recorded Bread experiment, the model achieved MAE =
2.43, MSE =8.61, and RMSE = 2.94 across the seven-day evaluation period. Although
these values provide evidence that the forecasting pipeline operates successfully, the
limited evaluation period does not justify a general claim that the MLP or hybrid
approach is superior to other forecasting methods. Forecast performance must be
interpreted in relation to the dataset, product, evaluation horizon, and selected accuracy

measures [17].

An important conclusion of the study is that successful Product Demand Prediction

depends on more than model selection. Reliable date filtering, product-level
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aggregation, chronological preprocessing, model availability, API communication,
and correct presentation of results are all necessary for an operational forecasting

capability.

The research therefore concludes that Product Demand Prediction can be practically
incorporated into Smart-Cost as a data-driven decision-support capability, while
continued validation using genuine business data is required to establish its long-term

forecasting effectiveness.

8.2 Achievement of objectives

The principal objective of the research was to design, develop, evaluate, and integrate
a Product Demand Prediction capability capable of using historical POS information
to estimate future product demand. Based on the completed implementation and

available experimental evidence, the principal technical objectives were achieved.

The first objective was to establish a structured product-demand data preparation
process. This was achieved by retrieving product-sales information, grouping
transactions according to product and date, aggregating quantities into daily demand,

and chronologically organizing the resulting observations.

The second objective was to develop a Prophet-based forecasting model. This
objective was achieved through the preparation of ds and y observations, configuration
of relevant seasonal components, model training, and generation of future yhat
predictions. Prophet was selected based on its suitability for practical business time-

series forecasting [2].

The third objective was to implement an MLP neural-network model. Historical
demand was converted into seven-day sliding windows, normalized, and supplied to
an MLP containing 64- and 32-neuron hidden layers. Neural-network forecasting
literature provides the methodological basis for investigating nonlinear relationships

in historical observations [5].
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The fourth objective concerned Hybrid Demand Prediction. The implemented
architecture established the processing required to use Prophet and MLP forecasts as
complementary prediction sources. This objective was motivated by hybrid and
ensemble forecasting research [4], [9]. However, a claim that the hybrid model
statistically outperforms both individual models requires further comparative

evaluation.

The fifth objective was quantitative evaluation using MAE, MSE, and RMSE, which
was successfully implemented. Forecast-accuracy measures provide an objective basis

for model assessment [17].

Finally, the forecasting workflow was integrated into the Smart-Cost technical
environment. Therefore, the research achieved its core development objectives while

identifying broader real-world validation as an area requiring continued work.

8.3 Individual research and product contributions

The individual research contribution is the design, implementation, evaluation, and
integration of the Product Demand Prediction component within Smart-Cost . The
contribution should be distinguished from the development of the underlying Prophet
or neural-network algorithms themselves, which are established forecasting techniques
[2], [5]- The research contribution lies in adapting and combining these methods within

a product-level POS forecasting workflow.

The first contribution is the design of a data-processing pipeline that transforms Smart-
Cost POS transactions into chronological daily-demand series. This establishes the
connection between operational sales information and forecasting-model

requirements.

The second contribution is the implementation of two complementary forecasting
paths. Prophet was implemented to represent temporal and seasonal characteristics,
while the MLP was designed to learn nonlinear relationships from seven-day historical
demand windows. This multi-model structure responds to the observation that

products can exhibit different demand patterns [18].
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The third research contribution is the Hybrid Demand Prediction framework, which
provides a mechanism for utilizing information generated by both Prophet and MLP.
Previous research has demonstrated the potential of hybrid and ensemble demand
forecasting [4], [9], while this study applies that principle within the Smart-Cost

product-demand environment.

The fourth contribution is the implementation of a quantitative evaluation mechanism
using MAE, MSE, and RMSE. The preliminary Bread experiment provides an initial
measurable result of 2.43 MAE, 8.61 MSE, and 2.94 RMSE.

From a product perspective, the major contribution is converting historical Smart-Cost
sales records into forward-looking decision-support information. The forecasting
functionality was connected to the existing application architecture through the
Node.js/Express backend and Python machine-learning service. This allows
predictions to be generated and delivered through the Smart-Cost user environment

rather than remaining as standalone experimental outputs.

Overall, the individual contribution combines forecasting research, machine-learning
implementation, experimental evaluation, and production-oriented software

integration.

8.4 Future directions

Future development should initially focus on real-world data validation. Synthetic
POS-style data was useful during development, but forecasting performance should be
evaluated using longer histories of genuine Smart-Cost transactions. As the deployed
Smart-Cost platform accumulates additional sales records, these observations can

provide increasingly representative datasets for model training and evaluation.

A second direction is stronger comparative evaluation. Prophet, MLP, and Hybrid
Demand Prediction should be evaluated using identical chronological test periods
across multiple products. Simple naive and seasonal-naive forecasts should also be
included as baselines. This would establish whether the additional complexity of

machine-learning and hybrid approaches produces meaningful forecasting

112




improvements. Forecasting literature emphasizes that model performance should be
established through appropriate empirical comparisons rather than assumed from

model complexity [15].

Future evaluation should also use longer test periods and rolling-origin or walk-
forward validation. This would provide stronger evidence than a single seven-day test
and allow performance to be examined across changing demand conditions. Accuracy
should continue to be assessed using appropriate measures such as MAE and RMSE

[17].

Another direction is the incorporation of external explanatory variables. The present
implementation primarily learns from historical product quantities. Future models
could incorporate public holidays, promotions, prices, stock availability, weather
conditions, and special events where appropriate. Previous research has demonstrated

the relevance of calendar-related special days to daily retail-demand forecasting [3].

The hybrid approach can also be extended beyond a fixed combination mechanism.
Future research could investigate performance-based dynamic weighting, where the
contribution of Prophet and MLP changes according to recent validation accuracy or
individual-product behaviour. The relevance of product-specific demand

characteristics and ensemble approaches has been demonstrated in previous research

[4], [18].

Finally, the operational system can support continuous model monitoring and
retraining. As new POS transactions become available, prediction errors can be
monitored and models periodically updated. This would allow Product Demand
Prediction to evolve from a static forecasting feature into an adaptive Smart-Cost
decision-support capability that improves as additional real-world evidence becomes

available.
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APPENDICES

The appendices provide supplementary evidence relating specifically to the Product
Demand Prediction component of Smart-Cost . They contain supporting information
on the experimental dataset, preprocessing workflow, model configurations,
preliminary evaluation results, technical integration, and academic integrity and Al-

use disclosure. Essential findings and interpretations remain in the main thesis.

Appendix A Research instruments or extended results

Appendix A .1 Product Demand Prediction Experimental Dataset
The Product Demand Prediction component used historical-style POS demand records
to develop and test the forecasting workflow. During development and
experimentation, synthetic datasets were used to provide controlled product-level
demand histories where sufficient long-term real-world sales records were not
available. Synthetic observations were used for development and technical validation

and are not presented as equivalent to genuine customer-demand records.

Table 39:Structure and Description of the Product Demand Prediction Dataset

Field Description
ds Date associated with the demand
observation
product name Product being forecast
y Total quantity demanded on the

corresponding date

The development dataset contained daily observations for multiple products, including
Bread, Cake, Coffee, Tea, Bun, Sandwich, Pastry, Juice, Muffin, and Cookie. These
records supported verification of preprocessing, model training, forecasting, and

integration procedures.

Appendix A .2 Data Preprocessing Workflow
The preprocessing procedure converted POS sales records into model-ready
chronological time-series data. The operational sequence was: POS Sales Records —

Product Filtering — Date-Range Filtering — Daily Quantity Aggregation —
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Chronological Sorting — Data Validation — Model-Specific Transformation —

Forecasting Input.

For Prophet, prepared observations were transformed into the required ds and y
structure. For the MLP model, chronological observations were transformed into
seven-day sliding historical windows so that recent demand formed the input for
predicting the subsequent demand value. Normalization was applied for the MLP
workflow. For formal evaluation, preprocessing parameters should be learned from
training observations and then applied to unseen test observations to reduce the risk of
information leakage.

Table 40:Seven-Day Sliding-Window Input and Prediction Target Structure for
the MLP Forecasting Model

Input Window Prediction Target
Day 1 —Day 7 Day 8
Day 2 — Day 8 Day 9
Day 3 —Day 9 Day 10

Appendix A .3 Prophet Model Configuration
Prophet was implemented as one of the two principal forecasting approaches. The
model accepted chronological ds and y observations and generated yhat as the central
future-demand estimate together with yhat lower and yhat upper. Prophet was
selected because it provides a structured approach for practical business time-series

forecasting [2].

Table 41:Prophet Forecasting Model Hyperparameter Configuration

Parameter Configuration
Daily seasonality False
Weekly seasonality True

Yearly seasonality True
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Changepoint prior scale

0.05

Seasonality prior scale

10.0

Additional monthly seasonality

30.5-day period

Monthly Fourier order

5

Appendix A .4 MLP Model Configuration

The neural-network forecasting component was implemented using a Multilayer

Perceptron (MLP). Although an earlier development class name referred to

LSTMPForecaster, the implemented algorithm uses MLPRegressor and is therefore

reported in this thesis as an MLP rather than an LSTM. Neural-network forecasting

provides a method for learning nonlinear relationships from historical observations

[51, [6].

Table 42:MLP Forecasting Model Architecture and Hyperparameter

Configuration

Parameter

Configuration

Model

MLPRegressor

Historical lookback

7 observations

Hidden layer 1 64 neurons
Hidden layer 2 32 neurons
Activation function ReLU
Optimizer / solver Adam
Maximum iterations 200

Early stopping Enabled

Multi-step strategy

Recursive prediction
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For multi-day forecasting, each newly predicted value was incorporated into the
historical input sequence before the next prediction was generated. This enabled a

sequence of future product-demand estimates to be produced from the trained model.

Appendix A .5 Hybrid Demand Prediction
The Product Demand Prediction architecture was designed to support the combination
of Prophet and MLP outputs. The conceptual sequence was: Historical Demand —
Prophet Forecast + MLP Forecast — Hybrid Prediction — Final Product Demand
Forecast. The motivation was to exploit complementary forecasting characteristics
rather than depend exclusively on one algorithm. Hybrid and ensemble forecasting

approaches have been investigated for demand forecasting in previous research [4],
[9].

The thesis does not claim that the Hybrid Demand Prediction approach is statistically
superior to both individual models unless such superiority is demonstrated through

comparative evaluation using identical held-out observations.

Appendix A .6 Extended Preliminary Evaluation Results
Forecast accuracy was evaluated using Mean Absolute Error (MAE), Mean Squared
Error (MSE), and Root Mean Squared Error (RMSE). These measures provide
complementary views of forecasting error and should be interpreted with regard to the

scale and characteristics of the evaluated demand series [17].

Table 43:Preliminary MLP Forecasting Model Evaluation Results for Bread

Evaluation Item Recorded Result
Product Bread
Model MLP
Evaluation period 7 days
MAE 243
MSE 8.61
RMSE 2.94
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The MAE indicates that the predictions differed from the observed quantities by
approximately 2.43 units on average during this limited evaluation. The RMSE of 2.94
units gives greater influence to larger individual errors. These measurements represent
preliminary component-level evidence and should not be generalized to all Smart-Cost
products. Forecasting performance can vary according to product characteristics,

historical data availability, demand pattern, and prediction horizon [1], [18].

Appendix A .7 Product Demand Prediction Integration Evidence
The implemented request-to-response sequence was: Smart-Cost Interface —
Forecast Request — Historical POS Retrieval — Product-Level Aggregation —
Python ML Service — Preprocessing — Prophet/MLP Execution — Prediction

Response — Smart-Cost Interface.

Table 44:Technology Stack and Functional Layers of the Smart-Cost Product
Demand Prediction System

Layer Technology / Function
User interface Smart-Cost application
Application backend Node.js / Express
Historical data Smart-Cost POS / MongoDB
ML service Python / FastAPI
Time-series forecasting Prophet
Neural forecasting MLP
API response Forecast values and associated information
Presentation Product-demand results through Smart-Cost

Integration testing identified practical issues involving date-range filtering, model
availability, and network communication between application and backend services.

Correcting these issues strengthened the end-to-end forecasting workflow and
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confirmed that the prediction component could operate through the Smart-Cost

technical architecture.

Appendix A .8 Technical Evidence to Include
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Appendix A .9 Additional Test Cases

Table 45:Functional Test Cases and Expected Results for the Product Demand
Prediction System

Test Case Expected Result

' The selected product is accepted for
Select a valid product _
demand forecasting.

. o Historical records are filtered for the
Retrieve historical demand
selected product and date range.

_ Quantities for the same product and date
Aggregate daily demand
are summed correctly.

Future yhat values are returned for the
Run Prophet forecast )
requested period.

Future product-demand values are
Run MLP forecast generated from the seven-day input

window.

Request prediction before model | The system returns or handles the model-

training not-trained condition.

o Only records within the requested seven-
Apply a seven-day historical filter
day range are aggregated.

The prediction response is returned to the
Return forecast through API o
Smart-Cost application.

Appendix B Academic integrity and Al use disclosure

Appendix B .1 Academic Integrity Declaration
This thesis reports the individual work completed for the Product Demand Prediction
component of the Smart-Cost research project. The individual contribution included
preparation of product-demand data, development and configuration of forecasting

models, implementation of the forecasting workflow, experimental evaluation,
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technical integration, testing, analysis of results, and preparation of the associated

research documentation.

Published research and external technical material used to establish the theoretical and
methodological background have been acknowledged through IEEE citations and
included in the reference list. Experimental results reported in the thesis are

distinguished from findings reported by previous researchers.

Appendix B .2 Generative Al Use Disclosure
Generative artificial-intelligence tools were used as supporting tools during the
preparation of this research documentation. Their use did not replace the
implementation, experimentation, testing, interpretation, or verification required for

the Product Demand Prediction component.

Al assistance was used for activities such as improving the organization and clarity of
technical explanations, reviewing academic language, supporting the presentation of
methodology, suggesting structures for figures and tables, and assisting with

documentation of the implemented forecasting workflow.

Table 46:Summary of Al-Assisted Activities and Verification Procedures in
Thesis Preparation

Al-Supported Activity Purpose Verification Performed
Academic-language Improve clarity and Reviewed against the
assistance readability implemented system

Organize research
Checked against thesis
Thesis structuring material into required '
) requirements
sections

Explain Prophet, MLP, Checked against
Technical explanation preprocessing and implementation and cited

evaluation literature
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Visualize the Product )
Compared with actual

Diagram preparation Demand Prediction )
system architecture
workflow
Present configurations Values checked against

Table preparation .
and experimental results | recorded results

. o Position relevant References and claims
Literature organization ] ) ] )
forecasting research reviewed before inclusion

Appendix B .3 Verification of Al-Assisted Material
Al-assisted material was reviewed before inclusion in the thesis. Technical
descriptions were checked against the implemented Product Demand Prediction
workflow, while literature-based claims were associated with the appropriate
references. Particular attention was given to model terminology: the implemented
neural-network model uses MLPRegressor and is therefore identified as a Multilayer

Perceptron (MLP), not an LSTM.

The preliminary Bread results—MAE 2.43, MSE 8.61, and RMSE 2.94—were treated
as limited experimental evidence rather than generalized to all products or forecasting
conditions. No Al-generated numerical result was intentionally presented as an

empirical research finding.
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