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ABSTRACT: 
 
Efficient demand forecasting can yield significant competitive advantage for companies in to-
day’s market, making it a crucial process in supply chain management. By exploring and imple-
menting modern demand forecasting models, encompassing time-series, machine learning, 
deep learning and hybrid approaches, companies can gain benefits in important business areas 
such as strategic planning, operational efficiency and customer service. 
 
This research is done in collaboration with a case company, and it aims to identify and develop 
a product demand forecasting model that improves forecasting accuracy compared against a 
baseline approach and to identify and analyze key demand drivers that influence demand. To 
meet these goals, an industry standard CRISP-DM framework is utilized to develop and compare 
multiple time-series, machine learning and their hybrid combination models to find the best 
performing forecasting solution. Key demand drivers are identified and analyzed by combining 
SHAP values with statistical analysis. 
 
The results of this study indicate that a hybrid demand forecasting model combining Holt-Win-
ters Exponential Smoothing and Elastic Net Regression outperformed the other models in the 
comparison and improved the forecasting accuracy significantly compared to the baseline ap-
proach. The results also suggest that product demand is driven by trend and seasonal factors, 
short-term sales pricing and momentum as well as macroeconomic leading indicators such as 
industry sentiment, interest rates and euro strength. 
 
Despite the significant improvement in forecasting accuracy and practical insights through the 
identified demand drivers, research limitations such as limited amount of training data, small 
test set and lack of true causal analysis of the relationships between features and demand are 
acknowledged to emphasize the need for future research. The development and evaluation of 
the HW-Elastic Net model contributes to current research by highlighting the importance of ex-
ploring hybrid models in demand forecasting, especially on small and noisy real-world datasets. 
 
 

KEYWORDS: Machine Learning, Demand Forecasting, Hybrid Models, CRISP-DM 
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TIIVISTELMÄ: 
 
Tehokas kysynnän ennustaminen voi johtaa merkittävään kilpailuetuun nykypäivän 
yrityskentällä, tehden siitä tärkeän prosessin toimitusketjun hallinnassa. Tutkimalla ja tuotan-
nollistamalla moderneja kysyntäennustemalleja, kuten aikasarja-, koneoppimis-, syväoppimis- 
ja hybridimalleja, yritykset voivat saada hyötyjä tärkeillä liiketoiminta-alueilla kuten strategis-
essa suunnittelussa, operatiivisessa tehokkuudessa sekä asiakaspalvelussa. 
 
Tämä diplomityö on tehty yhteistyössä kohdeyrityksen kanssa. Tutkimuksen tavoitteena on tun-
nistaa ja kehittää yrityksen valitsemalle tuotteelle kysyntäennustemalli, joka parantaa en-
nustetarkkuutta verrattuna lähtökohtaennusteisiin sekä tunnistaa ja tulkita keskeisiä ky-
syntäajureita. Tutkimus hyödyntää CRISP-DM viitekehystä usean aikasarja-, koneoppimis- sekä 
hybridimallin kehittämiseen sekä vertailuun tunnistaakseen parhaiten suoriutuvan kysyntäen-
nusteratkaisun. Keskeisten kysyntäajureiden tunnistaminen ja tulkinta perustuu SHAP-arvojen 
sekä tilastollisen analyysin yhdistelmään. 
 
Tutkimuksen lopputulokset osoittavat, että Holt-Winters Exponential Smoothing sekä Elastic 
Net Regression malleja yhdistävä hybridimalli suoritui paremmin kuin muut vertailussa 
sisällytetyt mallit sekä paransi ennustetarkkuutta merkittävästi verrattuna lähtötasomalliin. 
Tämän lisäksi tulokset osoittavat, että trendi- ja kausittaisuustekijät, lyhyen välin tuotehinta- 
sekä myyntitasot sekä makroekonomiset ennakoivat indikaattorit kuten teollisuuden 
luottamustaso, korkotasot sekä euron vahvuus ovat keskeisiä ajureita tuotekysynnälle. 
 
Diplomityönä kehitetyn mallin tuottamasta ennustetarkkuuden merkittävästä parannuksesta 
sekä tunnistettujen kysyntäajureiden tuottamasta ymmärryksestä huolimatta tutkimuksessa 
tunnistettiin rajoitteita. Harjoitusdatan rajallinen määrä, pieni testidatan koko sekä aitojen syy-
seuraussuhteiden analysoinnin puute korostavat jatkotutkimuksen tarvetta. Tutkimuksen lop-
putuloksena kehitetty HW-Elastic Net malli edistää nykyistä tutkimusta osoittamalla hybridimal-
lien tutkimisen tärkeyttä kysynnän ennustamisessa, erityisesti pienten ja kohinaa sisältävien 
datasarjojen yhteydessä. 
 
 

AVAINSANAT: Koneoppiminen, Kysynnän ennustaminen, Hybridimallit, CRISP-DM 
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1 Introduction 

Efficient demand forecasting directly translates into enhanced performance in supply 

chain and inventory management, therefore it is determined as a crucial process for 

companies striving for competitive advantage in the modern market (Feizabadi, 2022; 

Harahap et al., 2025; Rahman Mahin et al., 2025). Demand forecasting methods and 

techniques have been extensively researched and developed with significant results in 

performance improvement. The methods include statistical, time-series, machine learn-

ing and deep learning models, each with their own respective advantages and limitations. 

The trade-off between the strengths and limitations motivates the study of hybridizing 

different techniques to account for the model limitations by combining their advantages 

to improve demand forecasting efficiency. 

 

This thesis contributes to a gap in hybrid demand forecasting research by conducting a 

quantitative single case study comparing the performance of time-series models, ma-

chine learning models and hybridized combinations of the models on a small real-world 

demand forecasting dataset with high variability. The research is done in collaboration 

with the case company in the distribution business as proof of concept for data science, 

machine learning and advanced analytics solutions. Research background and problem 

definition, main research objectives and questions, keyword definitions, research scope 

as well as the structure of this thesis are presented in the following sections. 

 

 

1.1 Background and problem definition 

The case company aims to increase their analytical maturity and develop their data-

driven decision-making capabilities by incorporating data science, machine learning and 

advanced analytics solutions into their core processes. The company operates as a dis-

tributor, where aligning supply with demand is essential for business performance, mak-

ing demand forecasting a crucial process and thus the application area of this research 

project. Inaccurate forecasting can lead to over- or understocking situations. 
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Overstocking can increase holding costs, tie up capital and force the company to sell ex-

cess stock at lower prices than expected, lowering profit margins. Understocking can 

lead to lost sales and customer dissatisfaction, disrupted supplier relationships and de-

creased competitive advantage. 

 

This thesis develops and compares multiple machine learning, time series and hybrid 

models to improve forecasting accuracy and interpret the demand of a single product 

that was selected by the company. The selected product has been shown to be difficult 

to forecast due to its spot sale nature and high demand variability. The lead time for the 

selected product is three months, meaning that demand needs to be forecasted well in 

advance for the insights to be actionable. 

 

Currently, the baseline demand forecasting method the company uses for the selected 

product is judgmental forecasting, where demand planning is primarily based on the ex-

perience and intuition of experts supplemented with customer interviews and a basic 

historical approach that compares current demand to the same period last year. This 

approach has led to inaccurate forecasts, often overestimating the actual sales and lead-

ing to potential overstock issues. To counter this measure, the company must seldom 

purchase significantly less than the forecasted amount, making the current forecasting 

process unreliable. 

 

 

1.2 Research objectives and questions 

The first objective of this thesis is to identify and develop a demand forecasting model 

for the selected product to increase three-month forecasting accuracy against the base-

line approach to support and optimize inventory planning processes. The second re-

search objective is to identify and analyze external key demand drivers and leading indi-

cators that influence product demand. In addition, this thesis acts as a proof of concept 

for data science, machine learning and advanced analytics solutions to enable further 

development in the company. 
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To achieve the abovementioned research objectives, the conducted research is guided 

by two main research questions. The questions are derived from the objectives to ensure 

the alignment of this thesis. The research questions are formed as: 

 

1. What is the most efficient demand forecasting model for predicting the demand 

of the selected product? 

2. What are the key demand drivers for the selected product? 

 

 

1.3 Definitions and scope of the study 

This section provides the definitions of the key concepts that form the theoretical foun-

dation for this research and explains how they are utilized in the study. In addition, the 

methodological boundaries of this research are outlined to specify the scope of this 

study. 

 

1.3.1 Theoretical definitions 

Machine learning refers to the computational methods that can be used to learn pat-

terns from historical data to improve performance and make accurate predictions with-

out being explicitly programmed (Goar and Yadav, 2024; Samuel, 1959). The theoretical 

foundation for ML in this thesis consists of fundamentals, different types of learning and 

the core concepts of ML that are central for the development of the forecasting models 

compared in this research. However, the empirical ML modelling done in this research 

focuses solely on regression models, as the goal is to forecast a continuous variable. In 

addition, highly complex and data-intensive ML models and deep learning models were 

excluded from the scope of the empirical research due to insufficient amount of training 

data.  

 

Demand forecasting refers to an analytical process that uses historical data, statistical 

tools, machine learning and market analysis to predict and understand future demand 
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(Harahap et al., 2025; Ingle, 2021). The demand forecasting theory in this thesis exam-

ines the benefits and challenges associated with the process. The quantitative research 

done in this study focuses on monthly demand forecasting of a single product with a 

three-month prediction horizon, which was set as a requirement by the case company. 

 

Hybrid models refer to a family of predictive models that combine two or more algo-

rithms into one model, so that the combined algorithms complement each other by us-

ing their respective advantages to account for the limitations of the other model to pos-

sibly generate more efficient and accurate outputs compared to the isolated models. 

(Aburto and Weber, 2006; Ahmed and Husien, 2024). The theory building of this thesis 

encompasses several different algorithms that can be used for demand forecasting, re-

viewing their advantages and limitations. Literature regarding hybrid models is also re-

viewed to clarify the potential benefits of the approach. In the empirical research con-

ducted in this thesis, hybrid modelling is utilized to combine univariate time-series mod-

els with ML models to compare the performance of a hybrid model against the isolated 

models.  

 

CRISP-DM (Cross-Industry Standard Process for Data Mining) is the most common frame-

work for data science projects in industry (Shimaoka et al., 2024). This thesis utilizes it 

as the core methodological framework to guide model development and comparison. 

The research follows the CRISP-DM phases of business understanding, data understand-

ing, data preparation, modelling and evaluation. The deployment phase is excluded from 

this thesis, as it is done separately by the case company. 

 

 

1.3.2 Scope of the study 

The scope of this research consists of forecasting the three-month demand of a single 

product selected by the case company by using monthly internal sales and pricing data 

complemented with external macroeconomic indicators. The dataset covers a timeframe 

from 2015-2025, from which the model is trained with data from 2015-2024 and the 
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performance is tested on out-of-sample data from January to September 2025. The re-

search is limited to classical time-series models, ML models and their hybrid combina-

tions due to the lack of training data for more complex models.  

 

The study also focuses on model interpretability by utilizing SHAP-values and MLR p-

values to identify key demand drivers. These methods explain model predictions and 

provide correlation-based insights but are not able to establish causal relationships. The 

deployment of the best performing model is excluded from the scope of this thesis and 

will be done separately by the case company. 

 

 

1.4 Thesis structure 

This thesis consists of two main parts: A theory building section that forms the theoret-

ical foundation for the research and a quantitative case study that aims to meet the re-

search objectives and answer the research questions. Theory building is developed in 

chapter 2, where chapter 2.1 focuses on machine learning, its fundamentals and core 

concepts. Chapter 2.2 reviews literature regarding demand forecasting, emphasizing its 

potential benefits and common challenges, and chapter 2.3 examines the theory behind 

different demand forecasting algorithms and approaches. To finalize the theory building 

section, chapter 2.4 summarizes the theoretical framework of this study. 

 

Chapter 3 presents and justifies the methodological approaches applied in this research, 

where chapter 3.2 walks through the CRISP-DM approach from business and data under-

standing to data preparation, modelling and evaluation. The results of this research are 

presented, interpreted and discussed in chapter 4. Lastly, in chapter 5, this thesis is sum-

marized, and the main conclusions are presented along with discussion regarding the 

limitations of this study and future research suggestions. 
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2 Theory building 

The aim of this chapter is to build a theoretical framework for this thesis and provide 

understanding of key concepts that are central to the topic of this research. The theory 

building begins with machine learning and its core concepts, followed by a theoretical 

examination of demand forecasting, focusing on its potential benefits and challenges. 

Next, different quantitative models for demand forecasting are explored, encompassing 

time-series models, machine learning models, deep learning models and hybrid models. 

The theory building concludes with a summary of the theoretical framework of this study, 

connecting the central concepts to the main research topic. 

 

 

2.1 Machine learning 

Recently, the field of machine learning has progressed rapidly, mainly due to the devel-

opment of new algorithms, low-cost high performance computing and exponentially 

growing amount of data (Jordan & Mitchell, 2015). The large volume of data has made 

it possible for machines to transition from only processing information to creating intel-

ligence by making sense of big data, and the applications of machine learning and com-

putational intelligence are becoming more common and accessible to anyone (Joshi, 

2023). According to the article authored by Jordan and Mitchell (2015), these applica-

tions can be found across various fields from healthcare and education to business and 

industry. To gain a deeper understanding of the topic, the following sections cover the 

theoretical foundations of machine learning, discussing fundamental principles, differ-

ent types of learning and core concepts that are relevant to the field. 

 

 

2.1.1 Fundamentals of machine learning 

One of the earliest definitions of machine learning by Arthur Samuel (1959) states that 

machine learning is a “field of study that gives computers the ability to learn without 
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being explicitly programmed”. More recently, modern research shows multiple defini-

tions for machine learning. According to the book authored by Goar and Yadav (2024), 

machine learning can be broadly defined as computational methods that use historical 

information to improve performance and make accurate predictions. Mahesh (2020) de-

fines machine learning in a manner similar to Samuel, as the scientific study of algo-

rithms and statistical models that machines can use to perform specific tasks without 

being explicitly programmed. IBM (2021) states that machine learning is a “branch of 

artificial intelligence focused on enabling computers and machines to imitate the way 

that humans learn, to perform tasks autonomously, and to improve their performance 

and accuracy through experience and exposure to more data”. 

 

 

2.1.1.1 Aim of machine learning 

The main goal of machine learning is to learn from data (Mahesh, 2020). Machine learn-

ing combines core computer science principles with concepts from statistics, probability 

and optimization to design and develop efficient and accurate mathematical algorithms 

and build analytical models (Goar & Yadav, 2024). These algorithms uncover and learn 

the mathematical relationships and patterns found in data to generate predictions, rec-

ommendations, rules or other outputs that can be utilized to support advanced problem 

solving and data-driven decision-making (Janiesch et al., 2021; Goar & Yadav, 2024). The 

most common problems that can be solved utilizing machine learning are related to re-

gression, classification, clustering, recommendation and ranking (Joshi, 2023). However, 

according to Mahesh (2020), not all machine learning algorithms fit all problems, and 

the choice of algorithm is done based on the problem and available data. Selecting the 

best algorithm for the problem is crucial for obtaining the best results (Alzubi et al., 2018). 
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2.1.1.2 Algorithms vs. models 

To understand how machine learning works in practice, it is essential to discuss the roles 

of algorithms and models. Algorithms are precisely defined computational procedures 

for solving problems by taking inputs and transforming them into outputs (Manelli, 

2020). According to Ra and Souza (2019), machine learning algorithms guide how ma-

chines learn from historical, present and future data. When developing a machine learn-

ing solution, algorithms are often trained with large amounts of data to optimize their 

internal parameters to find patterns, trends and relationships from data (Databricks, 

n.d.). The output of the training process is a machine learning model, that can be defined 

as a computer program with specific rules and structures derived from data (Databricks, 

n.d.). IBM (n.d.) defines a machine learning model as the output of a machine learning 

algorithm that has been applied to a dataset. A high-quality model should be able to 

generalize well, meaning it can provide accurate outputs on unseen data, not only the 

data it was trained on (Barbiero et al., 2020). In practical terms, machine learning models 

are used to make decisions and predictions, while machine learning algorithms provide 

the logic that determines how the outputs are generated (IBM, n.d.). 

 

 

2.1.2 Machine learning paradigms and deep learning 

According to Bi et al. (2019), machine learning can be classified into four main categories: 

supervised learning, unsupervised learning, semi-supervised learning and reinforcement 

learning. Each different machine learning paradigm is designed to solve different types 

of problems and are categorized depending on how the algorithm is trained and the 

properties of available training data (Alzubi et al., 2018; Mahesh, 2020). Deep learning 

is a subcategory of machine learning based on artificial neural networks that enable 

modelling complex patterns in big data (Janiesch et al., 2021). The different machine 

learning paradigms and deep learning are covered briefly in the next sections. 

 

 



16 

2.1.2.1 Supervised learning 

Supervised learning is a machine learning approach where an algorithm is trained with 

labelled data to enable accurate predictions on new, unseen data (Cunningham et al., 

2008). Supervised machine learning algorithms aim to accurately estimate the underly-

ing function that transforms inputs into outputs by constructing mathematical models 

and uncovering patterns in the data (Liu, 2011; Nasteski, 2017). According to Nasteski 

(2017), supervised learning is mainly used to solve regression and classification problems.  

Regression models are trained and used to predict continuous variables, such as the fu-

ture demand for a specific product (Liu, 2011). If a model is trained to predict output 

values from a finite set of predefined classes, it is defined as a classification model (Liu, 

2011). Classification models can, for example, be used in email filtering to filter out spam 

messages. Some examples of widely used supervised learning algorithms are Linear Re-

gression, Logistic Regression, Support Vector Machine, k-Nearest Neighbors, Decision 

Trees and Random Forests (Ra & Souza, 2019). 

 

 

2.1.2.2 Unsupervised learning 

Unsupervised learning is a machine learning approach where the algorithm is trained on 

unspecified data with no preexisting labels to uncover hidden structural information in 

the data (Goar & Yadav, 2024; Alzubi et al., 2018; Janiesch et al., 2021). According to 

Goar and Yadav (2024), unsupervised learning is mostly used for clustering and dimen-

sionality reduction problems. Ezugwu et al. (2022) define clustering as a method of 

grouping data points into unspecified clusters depending on the characteristics and fea-

tures of the data points. Clustering can be used, for example, in customer segmentation. 

Some examples of popular clustering algorithms are K-means and DBSCAN (Yin et al., 

2024).  According to Murel and Kavlakoglu (2024), dimensionality reduction can be used 

to project data in a lower dimension while still preserving the important information and 

properties of the original dataset. Dimensionality reduction methods like PCA or t-SNE 
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can be used to enhance machine learning models by increasing accuracy while decreas-

ing computation time (Murel & Kavlakoglu, 2024). 

 

 

2.1.2.3 Semi-supervised learning 

Semi-supervised learning combines aspects from both supervised and unsupervised 

learning (Mahesh, 2020). Usually, semi-supervised algorithms aim to improve the accu-

racy and performance of a supervised or unsupervised learning task by using information 

that is generally associated with the other (van Engelen & Hoos, 2020). According to 

Alzubi et al. (2018), these types of algorithms are suitable for building machine learning 

models in situations where a dataset contains both labelled and unlabelled data. Even 

though majority of research is focused on classification, semi-supervised learning can be 

also used to solve regression and prediction problems (Alzubi et al., 2018; van Engelen 

& Hoos, 2020). Semi-supervised learning can be categorized into transductive and induc-

tive learning (Bergmann, 2023). According to Bergmann (2023), transductive learning 

methods use the labelled data to predict the labels of the unlabelled data, so the whole 

dataset can be used to train a supervised learning model. The goal of inductive training 

methods is to directly train a regression or classification model by using both the labelled 

and unlabelled data (Bergmann, 2023). 

 

 

2.1.2.4 Reinforcement learning 

In reinforcement learning, there are no input and output pairs for the machine to learn 

(Janiesch et al., 2021). Instead, according to Joshi (2023), in reinforcement learning, the 

system continuously interacts with the environment and searches for optimal behavior 

based on the feedback it gets from its actions. Reinforcement learning methods are used 

to solve various sequential decision-making tasks (Murphy, 2024). According to the pa-

per authored by Huang (2020), reinforcement learning can be categorized into model-

based methods and model-free methods depending on if the environment is understood 
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beforehand or not. Model-free methods do not aim to understand the environment, but 

give actions according to environment changes and feedback (Huang, 2020). Model-

based methods have a model that enables the agent to think in advance and make deci-

sions based on the predicted outcome of different possible actions (Huang, 2020). Rein-

forcement learning applications are widely used in the fields of robotics and natural lan-

guage processing (Murel & Kavlakoglu, 2024). 

 

 

2.1.2.5 Deep learning 

Deep learning can de defined as a specialized subset of machine learning that uses deep, 

multilayered artificial neural networks to mimic the complicated decision making power 

of a human brain (Shinde & Shah, 2018; Holdsworth & Scapicchio, 2024). Deep learning 

models consist of multiple processing layers to learn representations of data with multi-

ple levels of abstraction by utilizing sophisticated algorithms, which optimize the internal 

parameters of the model by minimizing a loss function (Lecun et al., 2015; Mathew et 

al., 2021). Various types of neural networks can be used to solve supervised, unsuper-

vised, semi-supervised and reinforcement learning problems (Mathew et al., 2021). Ex-

amples of widely used network architectures are CNNs and RNNs (Joshi, 2023). Accord-

ing to an article authored by Lecun et al. (2015), CNN models are efficient when working 

with spatial data like images while RNN models are used to deal with dynamic or sequen-

tial data like time series, speech and language. According to Mathew et al. (2021), deep 

learning methods often outperform traditional machine learning methods, especially 

when applied on large unstructured datasets. 

 

 

2.1.3 Core concepts of machine learning 

This section provides information about core concepts in the field of machine learning 

that affect the development and performance of machine learning models. The im-

portance of high-quality data and feature engineering is emphasized first, followed by 
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an overview of model training, testing and evaluation processes. Next, cross-validation 

and hyperparameter tuning are introduced as important techniques to ensure model 

generalization. The section then reviews the concepts of overfitting, underfitting and the 

bias-variance trade-off, which are imperative for balancing model complexity. Finally, the 

difference between interpretable and black-box models is examined to provide insight 

into the reasoning behind model selection. 

 

 

2.1.3.1 Data quality and feature engineering 

The quality and quantity of available training data has a crucial effect on the performance 

of a machine learning model (Gupta et al., 2021; Kariluoto et al., 2021). Data quality can 

be defined as the degree of data fitness for a given task (Gudivada et al., 2017). Accord-

ing to Mohammed et al. (2025), the lack of quality training data can lead to inaccurate 

machine learning models that can lead to unreliable decision-making. Missing and in-

complete data, outliers, duplicates, inconsistencies and incorrectness are some of the 

most popular errors that contribute to poor quality of the data (Mohammed et al., 2025). 

According to Gudivada et al. (2017), data quality issues can be combatted by utilizing 

statistical methods such as imputation of missing data, outlier detection, different data 

transformations and dimensionality reduction techniques. These methods are often 

used when data is preprocessed for machine learning (Rahman, 2019). 

 

Often in machine learning, raw data is not in a suitable form for model training, therefore 

relevant features need to be extracted from the data (Gudivada et al., 2017). Dong and 

Liu (2018) define a feature as an “attribute or variable used to describe some aspect of 

individual data objects”. For a feature to be useful, it needs to improve the performance 

of the machine learning model (Dong & Liu, 2018). The number of features is also im-

perative for model performance, as the lack of relevant features will most likely result in 

a poor performing model (Zheng & Casari, 2018). On the other hand, according to Zheng 

and Casari (2018), too many irrelevant features will lead to a model that is difficult and 

expensive to train. Feature engineering is a process where the most suitable features are 
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formulated and selected according to the data, model and the problem at hand. The 

process requires strong data analysis skills and domain knowledge but can lead to a more 

optimized and accurate machine learning model (Murel & Kavlakoglu, 2024; Zheng & 

Casari, 2018). 

 

 

2.1.3.2 Training, testing and model evaluation 

After the dataset is ready for modelling and an algorithm is selected, it is commonly split 

into training and testing sets (Joshi, 2023). Majority of the data is used for training the 

algorithm and building the model, but a sufficient number of samples need to be left for 

testing to provide statistically significant performance results (Joshi, 2023). Algorithm 

training, also called model fitting, can be defined as the learning process where the al-

gorithm analyses the training data and provides the parameter estimates and a mathe-

matical model representing the relationships between inputs and outputs (Liu, 2011; 

Genç & Tunç, 2019). The trained model is then tested on unseen data in the testing pro-

cess, where the performance of the model is evaluated according to chosen criteria 

(Genç & Tunç, 2019; Uçar et al., 2020). Uçar et al. (2020) state that model training and 

testing processes are the most critical factor regarding the success of the machine learn-

ing model. 

 

The process of validating machine learning models is called model evaluation, and opti-

mally it should provide a representation on how the model would perform in real-world 

scenarios (Varoquaux & Colliot, 2023). According to Raschka (2020), models are evalu-

ated to estimate their performance and generalization capability, to increase the perfor-

mance by tweaking the algorithm and to identify the most suitable and best-performing 

machine learning algorithm for the given problem by comparing multiple options. Model 

performance can be assessed with various mathematical expressions, also called metrics 

(Joshi, 2023). For example, these include RMSE and MAPE for regression models and 

accuracy, recall, precision and F1 scores for classification models (Janiesch et al., 2021). 
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2.1.3.3 Cross-validation and hyperparameter tuning 

Cross-validation is a statistical technique for resampling data to assess the machine 

learning model’s ability to generalize and perform on unseen data (Berrar, 2019). Accord-

ing to Raschka (2020), the main idea in cross-validation is that all the samples in the 

dataset can be used for testing. In cross-validation, the training data is divided into sub-

sets and the model is trained and validated multiple times by using different combina-

tions of the subsets (Joshi, 2023; Varoquaux & Colliot, 2023). The cross-validated perfor-

mance of the model can then be computed as the arithmetic mean of performance met-

rics acquired on the test set across all iterations (Raschka, 2020). Most common cross-

validation types are k-fold, nested and leave-one-out cross-validation (Berrar, 2019). K-

fold cross-validation is visualized in figure 1, where R stands for the training subset and 

V for the validation subset. Berrar (2019) states that cross-validation techniques can be 

used to improve the generalization performance of machine learning models, tune their 

hyperparameters, compare algorithms and prevent overfitting. 

 

 

Figure 1 K-fold cross-validation (Berrar, 2019) 

 

Model parameters are a set of internal variables that a machine learning model learns 

in the training process to minimize a loss function and improve performance (Joshi, 
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2023). Hyperparameters are free parameters that control the training process, and they 

are specified manually before model training (Berrar, 2019; Goar & Yadav, 2024). Hy-

perparameters control the behavior of algorithms and thus can be used to optimize the 

machine learning models’ performance (Raschka, 2020). Some examples of hyperparam-

eters include kernel type in SVM, the number of neurons in a neural network and the 

learning rate in XGBoost (Belcic & Stryker, 2024). According to Berrar (2019), optimal 

hyperparameter values can be found by utilizing resampling techniques like cross-vali-

dation. The process of identifying and selecting the best hyperparameters for training a 

machine learning model is called hyperparameter tuning, also referred to as hyperpa-

rameter optimization (Belcic & Stryker, 2024). 

 

 

2.1.3.4 Overfitting, underfitting and the bias-variance trade-off 

According to Berrar (2019), a major challenge in machine learning modelling is finding 

the correct balance between over- and underfitting. Overfitting can be defined as a phe-

nomenon where a machine learning algorithm learns the noise and random errors of the 

dataset and fits too closely or exactly to the training data (Briscoe & Feldman, 2011; Joshi, 

2023). This often leads to a model that is unable to generalize to unseen data (IBM, 2021). 

Overfitted models are often too complex relative to the amount and noisiness of training 

data and thus perform worse on new data compared to simpler models (Aliferis & Simon, 

2024). Underfitting, on the other hand, refers to a phenomenon where an algorithm is 

incapable of capturing the relationships in the data thus often also results in a model 

that is unable to generalize well (Berrar, 2019). This often happens due to applying a 

learning algorithm that is too simple for the complexity of the data (Goar & Yadav, 2024). 

Underfitted, overfitted and optimal model fits are illustrated in figure 2. 
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Figure 2 Overfitted, underfitted and optimal model fits (Barbiero et al., 2020) 

 

As discussed in the previous chapter, over- and underfitting are highly dependent on 

balancing model complexity with its fitness for data. This trade-off is commonly defined 

as the bias-variance trade-off (Briscoe & Feldman, 2011). In the trade-off, bias represents 

the systematic error of a model and variance measures the model’s sensitivity to varia-

tions in the training data (Dietterich & Kong, 1995). High bias is often connected with 

underfitting and simpler models that make more assumptions of the data (Briscoe & 

Feldman, 2011). On the other hand, according to Briscoe and Feldman (2011), high var-

iance tends to lead to overfitting and is connected to complex models that are more 

flexible. According to Neal et al. (2018), the idea of the bias-variance trade-off is to indi-

cate that as the complexity of the model increases, bias decreases and variance increases. 

This dynamic leads to a U-shaped test error curve that can be seen in figure 3. 

 

Aliferis and Simon (2024) state that balancing the bias-variance trade-off is crucial to 

avoid under- and overfitting and leads to well-performing machine learning models. This 

can be done, for example, by using regularization methods, selecting the correct features 

and reducing the dimensionality of the data (Mucci, 2024). Additionally, according to 

Aliferis and Simon (2024), multiple different algorithms and their hyperparameters 

should be explored to see what the best fit for the data is. Model performance should 

also be validated with unbiased techniques such as cross-validation to ensure model 

generalization with unseen data (Mucci, 2024; Aliferis & Simon, 2024). 



24 

 

 

Figure 3 Bias-variance trade-off (Neal et al., 2018) 

 

 

2.1.3.5 Accuracy vs. interpretability 

Machine learning models can generally be categorized as interpretable or non-interpret-

able, with the latter often referred to as black-box models (Luo et al., 2019). Interpreta-

ble models provide understandable reasoning behind the model’s predictions, leading 

to more straightforward and trustworthy insights to support decision-making (Atrey et 

al., 2025). Interpretability ensures that users can trust the model’s outputs to be accu-

rate, robust and unbiased while protecting the sensitive information in the data (Molnar, 

2020). On the contrary, black-box models have proven to often provide high accuracy 

and outperform interpretable models, with the cost of being less interpretable and 

transparent (Atrey et al., 2025). To combat the lack of interpretability, recent develop-

ment in explainable artificial intelligence has introduced methods such as LIME and SHAP 

to make black-box models more interpretable (Salih et al., 2025).  

 

Atrey et al. (2025) state that even though black-box models are often regarded as the 

more accurate option, interpretable models can outperform them in some scenarios. 
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According to Bhattacharya (2022), an optimal model would be highly accurate and highly 

interpretable. In practice, this is often difficult, as there is always a trade-off between 

model accuracy and interpretability (Bhattacharya, 2022). The selection between a more 

interpretable or more accurate model needs to be done depending on the problem be-

ing solved and the users of the model (Bhattacharya, 2022). Figure 4 visualizes the accu-

racy-interpretability trade-off of popular machine learning algorithms.  

 

 

Figure 4 Accuracy-interpretability trade-off of popular machine learning algorithms 
(Bhattacharya, 2022) 

 

 

2.2 Demand forecasting 

Efficient inventory and supply chain management is imperative for businesses to be suc-

cessful in the modern competitive market (Harahap et al., 2025; Rahman Mahin et al., 

2025). Demand uncertainty has a significant effect on supply chain management, partic-

ularly in inventory planning, transportation and production scheduling (Seyedan & 

Mafakheri, 2020). According to Feizabadi (2022), this makes demand forecasting a cru-

cial process in supply chain management, with high forecast accuracy directly translating 

into enhanced supply chain performance. Ingle et al. (2021) state that demand 
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forecasting influences all parts in a supply chain from sourcing to production planning 

and inventory fulfilment. Demand forecasting can be defined as a process that uses his-

torical data, statistical tools, machine learning and market analysis to predict future 

product demand (Harahap et al., 2025). Ingle et al. (2021) classify demand forecasting 

as a field of predictive analytics that is utilized to understand and predict customer de-

mand. 

 

According to Babai et al. (2022), demand can be forecasted in different granularities and 

time horizons depending on the specific objectives of the business. For example, short-

term horizon demand predictions on a product level can be done to support operative 

and tactical decisions while long-term high-level forecasts can be used to guide strategic 

initiatives (Babai et al., 2022). There are multiple methods that can be applied to forecast 

demand, and method selection should be done based on data characteristics and the 

forecast horizon (Mediavilla et al., 2022). The methods are categorized into traditional 

statistical models, machine learning models, deep learning models and hybrid models 

(Ingle et al., 2021). Different demand forecasting models and algorithms are examined 

in more detail in chapter 2.3. This chapter focuses on the benefits that accurate demand 

forecasting can provide to businesses, followed by a review of the most common chal-

lenges associated with the process. 

 

 

2.2.1 Benefits of efficient demand forecasting 

Well-developed demand forecasting yields significant advantage and benefits for busi-

nesses (Feizabadi, 2022). According to Anitha et al. (2023), accurate forecasting of de-

mand enables companies to optimize their operations, reduce costs and increase cus-

tomer satisfaction. The main potential benefits are illustrated in figure 5. This thesis 

groups the benefits into three main areas: strategic planning, operational efficiency and 

customer service, which together contribute to cost reductions and translate into com-

petitive advantage. The effects of accurate demand forecasting on these main areas are 

examined in more detail in the following sections. 
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Figure 5 Benefits of successful demand forecasting (Harahap et al., 2025) 

 

 

2.2.1.1 Strategic planning 

Adekunle et al. (2021) define demand forecasting as a critical component of business 

strategy. It can be stated that efficient demand forecasting is the foundation for strategic 

planning and decision-making, guiding long-term goal setting and influencing business 

areas such as product development, financial planning and growth strategy (Chandran 

& Khan, 2024; Harahap et al., 2025). In the modern competitive market, accurate fore-

casting provides strategic advantage by enabling businesses to predict future market 

fluctuations and adjust their operations proactively, mitigating the risk of market volatil-

ity (Adekunle et al., 2021; Chandran & Khan, 2024). According to Ahmaridad (2025), 

Walmart has based their strategic decisions such as optimal inventory placement and 

dynamic pricing strategy relying on accurate demand forecasting. As mentioned, de-

mand forecasting is among the main drivers of business strategy, which is why organiza-

tions continuously invest in advanced analytics and research to enhance the accuracy of 
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forecasts to guide better decision-making and ultimately gain competitive advantage 

(Waller & Fawcett, 2013). 

 

 

2.2.1.2 Operational efficiency 

Chandran and Khan (2024) found a clear correlation between forecasting accuracy and 

the operational efficiency of a company. This can be seen as improved inventory man-

agement, efficient resource allocation and significant cost reductions enabled by proac-

tive decision-making (Harahap et al., 2025). According to Amosu et al. (2024), accurate 

demand forecasting can optimize replenishment processes and reduce over- and under-

stocking situations by aligning purchasing and stock levels with future customer demand, 

which leads to improved inventory management. For instance, one retail company was 

able to reduce excess inventory by 30% with efficient demand forecasting, lowering hold-

ing costs significantly (Amosu et al., 2024).  

 

Accurate forecasts are also crucial for business resource allocation to ensure the align-

ment of production, workforce and finances with the current market situation (Adekunle 

et al., 2021). Adekunle et al. (2021) state that in service and production industries, de-

mand forecasting can guide workforce planning to ensure staff levels meet the customer 

and production demand levels, that can lead to reducing unnecessary labor costs and 

overproduction. Accurate forecasts are crucial for streamlining operational processes, 

often resulting in significant cost reductions and increased efficiency across the whole 

supply chain (Harahap et al., 2025). 

 

 

2.2.1.3 Customer service 

Customer service is a crucial element of supply chain management, with the aim to en-

sure the availability or products and services for purchase or use where and when they 

are needed, focusing to improve areas such customer experience, satisfaction and 
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loyalty (Mas’udin & Kamara, 2017; Fawcett et al., 2007). Effective demand forecasting 

has a direct contribution to the improvement of these aspects (Chandran & Khan, 2024). 

Mandala (2024) states that the accuracy of demand forecasting impacts customer expe-

rience and brand image significantly, ultimately increasing customer loyalty. This is pos-

sible due to better availability, shorter lead times and lowered costs for customers (Chan-

dran & Khan, 2024).  

 

The accuracy of demand forecasting contributes directly to customer satisfaction 

through better availability of products and services with lowered costs due to optimized 

inventory management (Anitha et al., 2023; Böse et al., 2017). According to Adekunle et 

al. (2021), organizations can also improve customer retention by using insights derived 

from demand forecasts to identify customer preferences and buying patterns, that can 

then be utilized in developing personalized marketing strategies, such as targeted pro-

motions. By improving the aspects of customer service, customers are more likely to 

leave positive reviews, become frequent buyers and brand advocates and less likely to 

turn to competitors, potentially leading to company growth (Amosu et al., 2024). 

 

 

2.2.2 Challenges in demand forecasting 

The benefits of demand forecasting come with a set of challenges. Often occurring chal-

lenges are related to data quality, fitness of the selected forecasting model, uncertainty 

and external factors as well as obstacles in implementation and scalability (Adekunle et 

al., 2021). The common challenges affecting forecasting accuracy and reliability are seen 

in figure 6. According to Adekunle et al. (2021), overcoming these challenges is crucial 

for developing effective demand forecasting systems.  The technicalities of data quality 

issues and challenges in balancing model complexity and interpretability were reviewed 

in chapter 2.1.3. This section focuses on the impact of insufficient data quality and inac-

curate modelling on demand forecasting, followed by discussion about challenges re-

garding external factors like unexpected events and market uncertainty and their effect 
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on demand forecasting. Lastly, issues connected with demand forecasting implementa-

tion and scalability are reviewed. 

 

 

Figure 6 Common challenges in demand forecasting (Adekunle et al., 2021) 

 

One of the core challenges in demand forecasting is the need for high-quality data 

(Amosu et al., 2024). Amosu et al. (2024) state that accurate forecasting of demand re-

quires accurate and comprehensive historical demand data, market trends and external 

variables. Data quality issues such as inconsistency, missing values and inaccuracies can 

distort the patterns, trends and seasonality in the data, resulting in misleading and inac-

curate forecasts (Adekunle et al., 2021). Ensuring high quality data for forecasting re-

quires sophisticated processes for data collection and management, especially when in-

tegrating complex data from multiple sources such as internal data, demand records, 

market reports and social media trends (Amosu et al., 2024). Collecting and maintaining 

clean, structured and high-quality datasets is imperative for accurate demand forecast-

ing. (Adekunle et al., 2021). 
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Another core challenge in demand forecasting is selecting a forecasting model that is 

suitable for the data and its purpose (Anitha et al., 2023). For example, a traditional sta-

tistical forecasting model like ARIMA may not be complex enough to capture the patterns 

in complicated data and thus risk underfitting, while a state-of-the-art ANN might tend 

to overfit or be difficult to interpret (Adekunle et al., 2021; Anitha et al., 2023). According 

to Amosu et al. (2024), organizations need to balance the complexity and accuracy of 

demand forecasting models with required levels of interpretability and transparency. 

This means balancing the bias-variance trade-off examined in chapter 2.1.3.4 by finding 

the optimal model complexity. Accomplishing this enables business stakeholders to trust 

the predictions and use them to make informed decisions (Amosu et al., 2024). 

 

Traditional demand forecasting models make predictions based on historical patterns 

and relationships in the data (Amosu et al., 2024). However, according to Adekunle et al. 

(2021), unprecedented and abrupt external shocks like economic crises, pandemics, ge-

opolitical events or natural disasters are difficult to predict with traditional models as 

they have often not occurred in the model’s training data. Aforementioned events and 

quickly changing customer preferences can lead to significant alterations in demand 

trends and patterns, making past training data less relevant and leading to decreased 

forecasting performance (Adekunle et al., 2021; Anitha et al., 2023). This can be combat-

ted by implementing complex dynamic models that can include real-time data in deci-

sion-making to predict and adjust to unprecedented changes (Adekunle et al., 2021). 

Amosu et al. (2024) suggest that forecasting models could be complemented with hu-

man expertise and judgment in scenarios where historical data is suspected to not fully 

capture the demand uncertainties. 

 

Integrating and implementing advanced forecasting models with existing systems inside 

an organization is a critical challenge in demand forecasting (Amosu et al., 2024). Mod-

ern demand forecasting systems need to be designed to be scalable enough to process 

large volumes of real-time data reliably in production while simultaneously providing the 

flexibility to rapidly experiment and develop new algorithms (Böse et al., 2017; Adekunle 
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et al., 2021). According to Adekunle et al. (2021) and Amosu et al. (2024), building, im-

plementing and maintaining advanced forecasting systems is a complex task and requires 

a significant amount of computational resources, technical expertise and staff training, 

making it a costly investment to maximize the potential benefits. However, the long-term 

benefits of advanced demand forecasting often outweigh the initial investment (Amosu 

et al., 2024). 

 

 

2.3 Models for demand forecasting 

Demand forecasting models can be classified into four main categories: univariate time 

series models, machine learning models, deep learning models and hybrid models (Ingle 

et al., 2021). Univariate time series models such as ARIMA have been the foundation of 

demand forecasting for a long time because of their interpretability and ability to use 

demand trends and seasonality to generate predictions from datasets where time is the 

only independent variable (Hyndman & Athanasopoulos, 2018; Ingle et al., 2021; Zhang 

et al., 2024). ML algorithms like Random Forests and XGBoost transformed the demand 

forecasting field by making it possible to extract and analyze information from large mul-

tivariate datasets to uncover hidden patterns and relationships, leading to more robust 

and accurate models (Sistla et al., 2024).  

 

The advancement has continued with DL demand forecasting models like LSTM networks 

that are computationally expensive and need large amounts of data, but offer the possi-

bility to automatically learn important features and relationships from raw data while 

also capturing complicated temporal dependencies, often leading to better performance 

compared against time series and ML models (Ingle et al., 2021; Zhang et al., 2024). Ac-

cording to Chung et al. (2023), hybrid models aim to combine different models in a co-

operative nature, addressing the limitations of individual models by supplementing 

them with another model. Combining the advantages of two models like ARIMA-LSTM 

has demonstrated excellent results in recent research (Chung et al., 2023). The following 

sections provide a more detailed review of the four demand forecasting model types 
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along with examination of the most widely used algorithms associated with each cate-

gory, describing their advantages and limitations. 

 

 

2.3.1 Univariate time-series models 

Time series data can be defined as a set of quantitative observations measured over time 

and arranged in chronological order (Kirchgässner et al., 2012). In univariate time series, 

time is the only independent variable (Belcic and Stryker, 2025). According to Belcic and 

Stryker (2025), time series models analyze time series data and generate predictions of 

future values based on historical values in the sequence. Traditional time series models 

such as ARIMA and Holt-Winters Exponential Smoothing have widely been utilized for 

demand forecasting due to their interpretability and ability to capture trends and sea-

sonality in the data (Zhang et al., 2024). Recently, a modern time series model Prophet 

has emerged, providing flexibility, ease of use and efficiency with irregular and incom-

plete data (Taylor & Letham, 2018). The three mentioned time series models are exam-

ined in the following sections. 

 

 

2.3.1.1 ARIMA 

ARIMA is one of the most frequently used time-series models in demand forecasting 

(Brown et al., 2013). According to Hyndman and Athanasopoulos (2018), the goal of 

ARIMA models is to describe the autocorrelations in the dataset by combining differenc-

ing (I) with autoregressive (AR) and moving average (MA) models. The combination is 

defined as an ARIMA(p, d, q) model, where p is the order of the AR model, d is the degree 

of first differencing involved and q is the order of the MA model (Hyndman & Athana-

sopoulos, 2018). The full model is mathematically illustrated as 

 

𝑦′
𝑡

= 𝑐 +  𝜙1𝑦′
𝑡−1

+ ⋯ + 𝜙𝑝𝑦′
𝑡−𝑝

+ Θ1𝜀𝑡−1 + ⋯ + Θ𝑞𝜀𝑡−𝑞 + 𝜀𝑡 , (1) 
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where 𝑦′𝑡 is the differenced time series, 𝑐 refers to the average change between consec-

utive data points, 𝜙1 … 𝜙𝑝 are the AR model coefficients, 𝑦′𝑡−1 … 𝑦′𝑡−𝑝 are the lagged 

values of the differenced time series, Θ1 … Θ𝑞  are the coefficients of the MA model, 

𝜀𝑡−1 … 𝜀𝑡−𝑞 are the lagged forecast errors and 𝜀𝑡 is random noise. 

 

ARIMA also has variations like Seasonal ARIMA, that extends ARIMA to support analysis 

of time series data that also has a seasonal component (Noble, 2024). According to No-

ble (2024), ARIMA models can be used to efficiently analyze time series data and predict 

future time series values. However, research has identified limitations such as linear as-

sumptions, uncertainty in parameter selection, inaccuracy in long term forecasting as 

well as the inability to account for external factors besides historical target variable data 

(Liu, 2024). Liu (2024) suggests that ARIMA should be complemented with other models 

to account for the limitations. 

 

 

2.3.1.2 Holt-Winters Exponential Smoothing 

The Holt-Winters method, also known as triple exponential smoothing, is a time series 

forecasting method that can be applied to datasets that have trendy and seasonal char-

acteristics (Ingle et al., 2021; Lima et al., 2019). Hyndman and Athanasopoulos (2018) 

state that it consists of the forecasting equation and three smoothing equations for the 

level ℓ𝑡, trend 𝑏𝑡 and seasonal 𝑠𝑡 components with respective smoothing parameters 𝛼, 

𝛽 and 𝛾. There are two variations of the Holt-Winters model: additive and multiplicative, 

and they differ in the characteristics of the seasonal component (Ingle et al., 2021). The 

additive method is often used when seasonal variations are nearly constant and the mul-

tiplicative method is preferred when the seasonality varies proportional to the level of 

the series (Hyndman & Athanasopoulos, 2018).  
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The forecast at time 𝑡 + 𝑚 in the additive method is computed with the following equa-

tion 

 

𝐹𝑡+𝑚 =  ℓ𝑡 + 𝑏𝑡𝑚 + 𝑠𝑡−𝐿+𝑚 , (2) 

 

while the same forecast in the multiplicative model is given by 

 

𝐹𝑡+𝑚 = (ℓ𝑡 + 𝑏𝑡𝑚)𝑠𝑡−𝐿+𝑚 , (3) 

 

where 𝑚 is the number of forecasts ahead, 𝐿 is the length of the seasonal cycle, and ℓ𝑡, 

𝑏𝑡 and 𝑠𝑡 are acquired from their respective smoothing equations. 

 

The Holt-Winters method is effective and can provide reliable predictions in univariate 

demand forecasting even if the amount of available data is low, assuming that seasonal-

ity can be precisely determined (Berberich, 2020). Even though it has been applied for 

decades, its capability with modern data is limited due to similar reasons as ARIMA. Lim-

itations include the assumption of linearity, difficulty in handling overlying seasonalities 

and the inability to include external factors for forecasting (Berberich, 2020). Berberich 

(2020) states that it is suggested to combine Holt-Winters with a suitable machine learn-

ing model to compensate for the limitations. 

 

 

2.3.1.3 Prophet 

Prophet is a modern time series forecasting model developed by Facebook that is built 

to focus on common features identified in a business context (Taylor & Letham, 2018). 

According to Taylor and Letham (2018), Prophet is designed to be effectively tuned with 

intuitive parameters that can be adjusted with no detailed knowledge of the underlying 

model. Prophet is a decomposable time series model that accounts for three main com-

ponents: trend, seasonality and holidays by only using time as a regressor (Taylor & 

Letham, 2018). Prophet approaches forecasting problems by using a Bayesian-based 
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curve fitting method to smooth the time series data and generate predictions (Guo et 

al., 2021). The Prophet model is mathematically illustrated as 

 

𝑦(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝜀𝑡 , (4) 

 

where 𝑔(𝑡)  represents the trend function that models non-periodic variations in the 

data, 𝑠(𝑡) models the seasonal variations, ℎ(𝑡) represents the effect of potential irregu-

lar holidays, while 𝜀𝑡 stands for random noise or unexplained variability. Each compo-

nent 𝑔(𝑡), 𝑠(𝑡) and ℎ(𝑡) are derived from their individual underlying equations. 

 

Prophet stands out from other traditional time series models due to its ease of imple-

mentation and flexibility with multiple seasonalities (Taylor & Letham, 2018). A signifi-

cant advantage associated with Prophet is its robustness to outliers and its ability to pro-

vide fairly efficient forecasts even with incomplete and irregular data (Taylor & Letham, 

2018). However, Guo et al. (2021) mention that Prophet encounters limitations when 

applied to complex forecasting problems due to its limited expression ability, lack of re-

sidual autocorrelation detection and its inability to utilize external features outside of 

the time series. Their article suggests that Prophet should be complemented with a suit-

able machine learning model to build a hybrid model, for example Prophet-SVR, to ad-

dress the limitations. 

 

 

2.3.2 Machine learning models 

The concepts of machine learning and machine learning models have already been in-

troduced in chapter 2.1. Demand forecasting typically deals with regression problems, 

meaning that the models are often classified under supervised learning (Ingle et al., 

2021). According to Ingle et al. (2021), machine learning models often provide more ac-

curate predictions than univariate time series models due to their increased adaptability 

to changes and ability to identify hidden patterns and relationships in multivariate data 

but require a bigger amount of data to train. This section begins by reviewing popular 
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machine learning regression models used for demand forecasting, such as Linear Regres-

sion, Elastic Net Regression and SVR. It then examines widely used tree-based methods 

such as Decision Trees and Random Forests, followed by an assessment of XGBoost, a 

highly regarded gradient boosting model. 

 

2.3.2.1 Linear Regression 

Understanding Linear Regression is foundational to comprehend more complex machine 

learning models (James et al., 2023). It is a simple regression algorithm that linearly mod-

els the relationships between one or more independent variables and a continuous sca-

lar dependent variable (Nasteski, 2017). The goal of Linear Regression is to provide ac-

curate predictions by reducing the sum of square residuals between predicted and ob-

served values (Hyndman & Athanasopoulos, 2018; Rahman Mahin et al., 2025). The 

model assumes a linear relationship between the independent variables and the de-

pendent variable and is mathematically formulated as 

 

𝑦𝑡 =  𝛽0 + 𝛽1𝑥1,𝑡 + 𝛽2𝑥2,𝑡 + ⋯ + 𝛽𝑘𝑥𝑘,𝑡 + 𝜀𝑡 , (5) 

 

where 𝑦𝑡 is the target variable at time 𝑡, 𝛽0 is the intercept and 𝜀𝑡 represents the ran-

dom error of the model. 𝑥1 … 𝑥𝑘  are the numerical independent variables and 𝛽0 … 𝛽𝑘 

are the coefficients that quantify the influence each predictor variable has on the target 

variable. 

 

The performance of Linear Regression is limited by its assumptions of linearity and ho-

moscedasticity, and its sensitivity to outliers, correlated errors and multicollinearity 

(James et al., 2023). However, it has been widely used for statistical learning and infer-

ence for a long time (James et al., 2023). It is simple to implement and the results are 

easily interpretable, making it a good baseline model to compare against other demand 

forecasting models (Goar & Yadav, 2024). Linear regression is visually illustrated in figure 

7. 
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Figure 7 Linear Regression (James et al., 2023) 

 

 

2.3.2.2 Elastic Net Regression 

The Elastic Net algorithm is a regularized Linear Regression method that combines Lasso 

(L1) and Ridge (L2) penalties to provide an efficient solution for problems with high-di-

mensional data by managing multicollinearity and preventing overfitting (Chung et al., 

2023; Rahman Mahin et al., 2025). These penalties address the multicollinearity limita-

tion of Linear Regression. Lasso penalization is used for variable selection and Ridge pe-

nalization is used for coefficient shrinkage to reduce overfitting (Hans, 2011). Elastic Net 

identifies features that have a significant correlation with the dependent variable and 

assigns their weights accordingly, allowing the algorithm to automatically select or dis-

card features from the model (Chung et al., 2023). According to Chung et al. (2023), this 

makes Elastic Net Regression an efficient tool to utilize with high-dimensional data that 

contains multicollinearity to discover the relationship between features and the target 

variable and prevent overfitting. However, besides decreased sensitivity to multicolline-

arity, Elastic Net Regression shares similar limitations as Linear Regression. The objective 

function of Elastic Net Regression is mathematically formulated as 
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𝛽̂ = 𝑎𝑟𝑔𝑚𝑖𝑛𝛽(𝑌 − 𝑋𝛽)(𝑌 − 𝑋𝛽)𝑇 + (1 − 𝛼) ∑ |𝛽𝑖| + 𝛼 ∑ 𝛽2
𝑖

𝑛

𝑖=1

𝑛

𝑖=1
 , (6) 

 

where 𝛽̂ is the estimate of the regression coefficients that minimize the objective func-

tion, (𝑌 − 𝑋𝛽)(𝑌 − 𝑋𝛽)𝑇  is the residual sum of squares, ∑ |𝛽𝑖|
𝑛
𝑖=1   is the L1 norm, 

∑ 𝛽2
𝑖

𝑛
𝑖=1  is the L2 norm and 𝛼 is the parameter that adjusts the trade-off between L1 

and L2 penalties. 

 

 

2.3.2.3 Support Vector Regression 

SVR is a machine learning algorithm that aims to discover patterns in complex datasets 

and is often used in demand forecasting (Abolghasemi et al., 2020; Ingle et al., 2021). 

Ingle et al. (2021) state that SVR can be applied to nonlinear data by using a kernel func-

tion to project the data into a higher-dimensional space where the relationship can be 

linearly modelled. Polynomial, sigmoid and radial basis function (RBF) are among the 

most popular kernels (Ingle et al., 2021). According to Goar and Yadav (2024), SVR aims 

to estimate a function by fitting a tube with 𝜀 width to the data, splitting the data into 

two categories: data points inside and outside of the tube. This is visualized in figure 8.  

 

 

Figure 8 Support Vector Regression (Goar & Yadav, 2024) 
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SVR trains a symmetrical loss function that penalizes predictions that are located more 

than 𝜀 away from the estimated function, equally penalizing high and low misestimates 

(Awad & Khanna, 2015). The primal optimization problem of SVR is mathematically illus-

trated as 

 

𝑚𝑖𝑛
1

2
‖𝑤‖2 + 𝐶 ∑ 𝜉𝑖 + 𝜉𝑖

∗ ,
𝑁

𝑖=1
(7) 

 

subject to 

 

𝑦𝑖 − 𝑤𝑇𝑥𝑖 ≤  𝜀 + 𝜉𝑖
∗     𝑖 = 1 … 𝑁 

𝑤𝑇𝑥𝑖 − 𝑦𝑖 ≤  𝜀 + 𝜉𝑖     𝑖 = 1 … 𝑁 

𝜉𝑖, 𝜉𝑖
∗ ≥ 0     𝑖 = 1 … 𝑁 , 

 

where 𝑤 is the weight vector, 𝐶 is the regularization parameter, 𝜉𝑖 and 𝜉𝑖
∗ are slack vari-

ables that allow deviations beyond 𝜀, 𝑥𝑖  is the input feature vector and 𝑦𝑖 is the actual 

output value. Solving this equation aims to approximate the target values while main-

taining model simplicity and allowing error tolerance (Awad & Khanna, 2015). 

 

According to Awad and Khanna (2015), advantages of SVR include its efficiency with 

high-dimensional data, ability to model nonlinear relationships, robustness to overfitting 

and good generalization ability. However, SVR highly depends on parameter selection, 

can be hard to interpret and may be computationally expensive when trained with a 

large amount of data (Goar & Yadav, 2024). 

 

 

2.3.2.4 Decision Trees 

Decision Trees is a machine learning algorithm that creates a tree-structured series of 

decision rules based on input variables to predict the target variable (Bi et al., 2019). The 

set of decision rules is derived from the training data by the algorithm (Joshi, 2023). The 
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depth of the tree, its dimensions and termination point are parameters that the algo-

rithm optimizes to minimize error (Joshi, 2023). A simple decision tree consists of a root 

node, branches, internal nodes and leaf nodes (IBM, n.d.). According to Goar and Yadav 

(2024), the prediction process of a Decision Tree starts by feeding the input data to the 

root node, from where the tree is recursively split to branches depending on the decision 

rules of internal nodes. This is repeated until a leaf is found, and the value of the leaf is 

then used as the predicted output of the given data point (Goar & Yadav, 2024). The 

hierarchical structure and prediction process of a simple Decision Tree can be seen in 

figure 9. 

 

The prediction function of a regression tree that is partitioned into M leaf nodes 𝑅1 … 𝑅𝑚 

is mathematically illustrated as 

 

𝑓(𝑥) = ∑ 𝑐𝑚𝐼(𝑥 ∈ 𝑅𝑚) ,
𝑀

𝑚=1
(8) 

 

where 𝐼 is the indicator function and 𝑐𝑚 is the constant prediction value, which is usually 

the mean of target variables in the training data that have been categorized into leaf 

node 𝑅𝑚 (Hastie et al., 2009).  

 

According to Louppe (2014), Decision Trees provide easily interpretable predictions with 

often reliable accuracy while also being fast to train. Their non-parametric nature ena-

bles them to model complex relationships, even in multicollinear data (Louppe, 2014; 

IBM, n.d.). However, Goar and Yadav (2024) state that the performance of Decision Trees 

often lacks when compared against state-of-the-art algorithms. This is mainly due to 

their greedy nature, tendency of overfitting and sensitivity towards noisy data (Bi et al., 

2019). A simple Decision Tree is visually illustrated in figure 9. 
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Figure 9 Simple decision tree (Joshi, 2023) 

 

2.3.2.5 Random Forest 

Random Forests are ensembles of Decision Trees and are applied widely in different in-

dustries, yielding efficient results (Cunningham et al., 2008). Random Forests use a bag-

ging approach to build multiple de-correlated Decision Trees from bootstrapped training 

samples with a random sample of features (James et al., 2013; Hastie et al., 2009). The 

output of the Random Forest is then computed as the mean of the Decision Tree outputs 

(Hastie et al., 2009), and can be mathematically illustrated simply as 

 

𝑓(𝑥) =
1

𝐽
∑ ℎ𝑗(𝑥) ,

𝐽

𝑗=1
 (9) 

 

where J is the number of decision trees and ℎ𝑗(𝑥) represents the outputs of the trees 

reviewed in equation 8. The structure of a random forest is shown in figure 10. 
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Figure 10 Random Forest (IBM, n.d.) 

 

Key advantages of Random Forests are their robustness to overfitting, ease of implemen-

tation and their ability to assess feature importance and estimate generalization error 

(Cutler et al., 2011). On the other hand, IBM (n.d.) mentions complex interpretability 

and the time-consuming and resource-heavy nature of random forests as their limitation, 

especially with large datasets. 

 

 

2.3.2.6 XGBoost 

Extreme gradient boosting, known as XGBoost, is a state-of-the-art gradient boosting 

decision tree algorithm. According to Harikrishnan and Sreedharan (2025), it is an ad-

vanced machine learning algorithm that delivers efficient solutions for regression and 

classification tasks, especially with large datasets. This is supported by Ingle et al. (2021), 

who state that XGBoost models perform efficiently with predictive tasks like time series 

forecasting with big data. Ingle et al. (2021) define XGBoost as an ensemble tree tech-

nique that boosts multiple decision trees by constructing new trees using the residual 

errors from previous trees.  
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XGBoost model consisting of K Decision Trees can be mathematically expressed as 

 

𝑦̂𝑖 = ∑ 𝑓𝑘(𝑥𝑖), 𝑓𝑘 ∈ 𝐹
𝐾

𝑘=1
 , (10) 

 

where 𝑦̂𝑖 is the predicted output, 𝑓𝑘 represent the Decision Trees and 𝐾 is the total num-

ber of trees in the space of regression trees 𝐹. 

 

The main goal of XGBoost is to optimize the objective function that consists of a loss 

function and a regularization term (Ahmetoglu & Das, 2022; Zhang & Jánošík, 2024). The 

loss function 𝑙(𝑦𝑖, 𝑦̂𝑖) computes the difference between the predicted and actual values, 

and the regularization term Ω(𝑓𝑘), which includes the number of leaves in a tree and the 

magnitude of leaf weights, controls model complexity and prevents overfitting (Ah-

metoglu & Das, 2022). The objective function is mathematically formulated as  

 

𝑂𝑏𝑗 =  ∑ 𝑙(𝑦𝑖, 𝑦̂𝑖)
𝑛

𝑖=1
+ ∑ Ω(𝑓𝑘)

𝑡

𝑘=1
. (11) 

 

XGBoost is known to have enhanced performance, generalization ability, scalability and 

computing speed compared to other ML methods (Lai et al., 2021; Zhang & Jánošík, 

2024). However, XGBoost also has its limitations. Firstly, Velarde et al. (2023) state that 

XGBoost’s predictive power quickly decreases on small datasets. XGBoost also needs ef-

ficient feature engineering to capture the temporal dependencies in demand forecasting 

training data (Thejovathi et al, 2024). Therefore, researchers suggest that XGBoost could 

be hybridized with time-series or DL models to account for these limitations (Islam et al., 

2024). 

 

 

2.3.3 Deep learning models 

Foundations of deep learning models have been briefly reviewed previously in chapter 

2.1. This section focuses on the applications of deep learning in the field of demand 
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forecasting. According to Aguiar-Pérez and Pérez-Juárez (2023), deep learning models 

are efficient for demand forecasting due to their ability to automatically learn patterns 

and important features from large, complex and multisource data. Ingle et al. (2021) 

state that deep learning models have proven better predictive capabilities and better 

accuracy compared to machine learning models.  

 

However, DL models require more available data for training and are often computation-

ally expensive (Ingle et al., 2021). Every neural network consists of layers of neurons: 

input layer, weighted hidden layer(s) and an output layer (IBM, 2021). In a simple NN, 

the input layer takes the input data and passes it to the hidden layer neurons for com-

putation, and the output layer provides the prediction (IBM, 2021). A simple feedforward 

ANN is visually illustrated in figure 11. The deep learning models that are introduced in 

this section include RNN and LSTM, followed by a review of a state-of-the-art TFT archi-

tecture. 

 

 

Figure 11 Simple ANN (Krenker et al., 2011) 
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2.3.3.1 RNN 

Recurrent Neural Networks are deep learning models that are specifically designed to 

process sequential data (Mienye et al., 2024). According to Mienye et al. (2024), RNNs 

differ from feedforward ANNs due to them being able to memorize previous inputs by 

utilizing their internal state to efficiently process sequential input data, making them ef-

ficient for time series forecasting. As seen in figure 12, the neurons in RNNs have recur-

rent connections that allow the information to be cycled inside the network. In simple 

RNNs, the output is dependent on the latest input and the hidden state from the previ-

ous computation (Stryker, 2024).  

 

The output of RNN is computed according to the following formula: 

 

𝑦𝑡 = 𝜎𝑦(𝑊ℎ𝑦ℎ𝑡 + 𝑏𝑦) , (12) 

 

where 𝑊ℎ𝑦 is the weight matrix between the input and hidden layers, ℎ𝑡 is the hidden 

state, 𝑏𝑦 is the bias vector and 𝜎𝑦 is the activation function, which is often the sigmoid 

function, hyperbolic tangent function or the rectified linear unit. 

 

 

Figure 12 Simple RNN architecture (Mienye et al., 2024) 
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According to Stryker (2024), standard RNNs are highly efficient when processing sequen-

tial data in real time, where there is only one input and predictions are based on recent 

inputs. The ability to learn features and dependencies from data makes it possible for 

RNNs to model any dynamic system, leading to excellent performance in different fields 

(Salehinejad et al., 2018). According to Salehinejad et al. (2018), the main limitations of 

basic RNNs are their inefficient training and issues in learning long term dependencies 

due to the unstable gradient problem, which refers to the tendency of gradients to van-

ish or explode during backpropagation through time. 

 

 

2.3.3.2 LSTM 

Long Short-Term Memory networks are enhanced RNNs that are specifically designed to 

handle the unstable gradient problem (Berberich, 2020). This is possible due to gating 

mechanisms that control the information flow in the network, enabling LSTM to main-

tain and update the internal state over long periods (Mienye et al., 2024). Berberich 

(2020) describes this as the cell state (𝐶𝑡) that represents the long-term memory, while 

the internal state (ℎ𝑡) is the short-term memory. This innovative structure allows LSTM 

to model both short and long-term dependencies efficiently (Berberich, 2020; Mienye 

et al., 2024). Each LSTM cell consists of input (𝑖𝑡), output (𝑂𝑡) and forget (𝑓𝑡) gates that 

control the cell state and hidden state to determine the amount of input to be consid-

ered, how much of the previous state is forgotten and how much of the cell state to 

output (Mienye et al., 2024; Salehinejad et al., 2018). The architecture of a LSTM net-

work can be seen in figure 13. In the figure, 𝑋𝑡 represents the input vector and 𝐿𝑡 repre-

sents the candidate memory cell. 
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Figure 13 LSTM network (Wen & Li, 2023) 

 

Ingle et al. (2021) states that LSTM is an efficient modelling approach for time series 

demand forecasting. This is because its flexibility and ability to handle unstable and in-

consistent data as well as volatile demand scenarios (Ingle et al., 2021). It can also utilize 

multivariate input data to capture long and short term dependencies to provide accurate 

forecasts (Ingle et al., 2021). However, the advantages come with increased computa-

tional costs and high model complexity that results in predictions that are difficult to 

interpret (Berberich, 2020; Salehinejad et al., 2018). Berberich (2020) also states that 

LSTM is also not immune to problems in generalization, highlighting its tendency to over-

fit if the size of the dataset is not sufficient. 

 

 

2.3.3.3 TFT 

Temporal Fusion Transformer is a state-of-the-art attention-based deep neural network 

model designed specifically to process multivariate time series data where variables and 

features change over time (Karthika et al., 2025). It integrates LSTM in its complex archi-

tecture to provide high-performing multi-horizon forecasting and interpretable explana-

tion for temporal dynamics (López Santos et al., 2022). According to Lim et al. (2020), 
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TFT architecture consists of specialized blocks that select important features and exclude 

irrelevant information, enabling high performance in many applications.  

 

Gating Residual Networks (GRN) allow TFT to exclude unused components and avoid un-

necessary nonlinear processing, providing adaptive model depth and complexity to fit 

different datasets and scenarios (Lim et al., 2020). Variable selection networks allow the 

TFT model to select relevant input features for each time step (Lim et al., 2020; López 

Santos et al., 2022). Static covariance encoders incorporate static variables into the 

model and allows the network to learn the relationships between them in the past and 

the future (Huy et al., 2022). TFTs utilize temporal processing to learn long- and short-

term dependencies from known and observed time-varying inputs (Lim et al., 2020). Ac-

cording to Lim et al. (2020), local processing is done in a sequence-to-sequence layer 

while long-term patterns are captured with an interpretable multi-head attention block. 

Finally, according to López Santos et al. (2022), TFTs minimize a quantile loss function, 

enabling them to provide a probabilistic forecast with confidence intervals to determine 

the likelihood of the target values. The architecture is visually illustrated in figure 14. 

 

Huy et al. (2022) state that TFT models have proven to be more advanced in time series 

data processing and forecasting when compared against traditional RNN models. It also 

has better interpretability due to the ability to continuously identify relevant features, 

making it possible to explain the model’s predictions (López Santos et al., 2022). López 

Santos et al. (2022) imply that this property makes the model more trustworthy and 

easier to implement, making it a crucial part of explainable AI. The limitations of TFTs 

are mostly connected to the need for large amounts of data for model training, with 

insufficient data leading to challenges in temporal understanding, generalization and de-

cline in model performance (Khanal et al., 2024). 
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Figure 14 TFT architecture (Lim et al., 2020) 

 

 

2.3.4 Hybrid models 

Efficient model selection for a demand forecasting problem can be challenging in unique 

scenarios due to every model having their respective advantages and limitations (Ingle 

et al., 2021). According to Ahmed and Husien (2024), combining two or more algorithms 

into one forecasting model can address this issue and lead to novel solutions, possibly 

generating more efficient and accurate outputs compared to isolated models. These 

types of models are referred to as hybrid models (Ingle et al., 2021). Aburto and Weber 

(2007) state that the fundamental goal of hybrid models is to combine two or more dif-

ferent algorithms so that the models complement each other by using their advantages 

to compensate for the other algorithm’s limitations. Examples of common limitations 

that can be covered with model combinations are insufficient training data, assumption 

of linearity and high computational cost (Berberich, 2020).  

 

Hybrid models often combine traditional statistical models with machine learning or 

deep learning algorithms (Ingle et al., 2021). Instances of algorithmic combinations used 
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in hybrid models are ARIMA-ANN, ARIMA-SVR, Holt-Winters-SVR and Holt-Winters-LSTM 

(Berberich, 2020; Brentan et al., 2017; Ingle et al., 2021). Exploration of hybrid models 

in demand forecasting offers multiple potential advantages. Ingle et al. (2021) found that 

hybrid models are an efficient approach in short-term demand forecasting when market 

conditions are unstable. Brentan et al. (2017) mention that hybrid models can increase 

model accuracy and reduce overfitting issues. Abolghasemi et al. (2020) found hybrid 

models to provide robust forecasts at different volatility levels. However, they are often 

complex to develop and understand (Ingle et al., 2021). According the Berberich (2020), 

researchers have stated that hybrid models have a promising future in time series fore-

casting and should always be assessed in model selection. 

 

 

2.4 Summary of theoretical framework 

The theoretical framework of this thesis uses machine learning fundamentals and core 

concepts and integrates them with time-series modelling to form the foundation for em-

pirical research. This integration leads to hybrid models, which aim to combine the 

strengths of both modelling approaches to learn patterns from data and provide accu-

rate outputs. CRISP-DM is the methodological framework that provides a systematic ap-

proach to guide the model development process from business and data understanding 

to data preparation, model development and finally model evaluation. The goal of model 

development in this thesis is to improve the efficiency of demand forecasting, which is 

an analytical process that aims to predict and understand future demand.  

 

Together these foundational elements support the main topic of the thesis: Develop-

ment and comparison of machine learning, time-series, and hybrid models to improve 

the accuracy of product demand forecasting. The synthesis of the theoretical framework 

is visually illustrated in figure 15, where the dark, bolded elements represent the core 

keywords of this thesis, and the lighter time-series modelling element serves as a sup-

porting theoretical pillar for this research. 
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Figure 15 Synthesis of the theoretical framework 
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3 Research methodology 

This chapter outlines the methodological framework of this study by adopting the re-

search onion presented by Saunders et al. (2023). The research onion is visually shown 

in figure 16. The first section of this chapter describes and justifies the philosophy, ap-

proach, methodological choice, strategy and time horizon of the conducted research. 

The second section describes the techniques and procedures by walking through the 

CRISP-DM development methodology, focusing on data collection, analysis, prepro-

cessing, modelling and evaluation. Lastly, in the third section, the quality of the study is 

discussed, describing the measures that were taken to ensure the accuracy, validity, re-

liability and reproducibility of the research process. 

 

 

Figure 16 Research onion (Saunders et al. 2023) 
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3.1 Research design 

The aim of this study was to develop a demand forecasting model that performs most 

efficiently on the data and to identify and analyze the key demand drivers of the selected 

product. This was done by collecting, processing and analyzing data, followed by devel-

oping, evaluating and comparing multiple time-series, machine learning and hybrid de-

mand forecasting models. Therefore, the study is based on the positivism research phi-

losophy, where the main goal is to find explanatory associations and causal relationships 

that lead to prediction and control of the studied phenomenon (Park et al., 2020). This 

thesis uses a deductive research approach, where known theoretical concepts from ML, 

time-series and hybrid modelling are applied to a real-world dataset to quantitatively 

evaluate their performance and effectiveness in improving demand forecasting accuracy.  

 

The research was methodologically carried out as a single case study following a mono-

method quantitative research design. A case study is an empirical research design that 

investigates a contemporary phenomenon within its real-life context (Schell, 1992). Ac-

cording to Yin (2009), a case study is particularly useful when the goal is to gain in-depth 

understanding of a phenomenon and the boundaries between phenomenon and con-

text are not clearly evident or when multiple sources of information are used. Forecast-

ing product demand is a contemporary topic, as it is crucial for companies to gain com-

petitive advantage in the modern market. Demand is context sensitive and depends on 

the company, product and market conditions, making a case study a suitable method to 

gain deep understanding of demand as a real-life phenomenon. 

 

Moutinho and Huarng (2013) define quantitative research as systematic empirical inves-

tigation of phenomena by using statistical, mathematical, or computational techniques. 

Similarly, Basias and Pollalis (2018) state that in quantitative research, the data is col-

lected, processed and presented in a quantitative format and the features and their re-

lations are also expressed quantitatively. ML and statistical analysis are methods that 

quantify the relationships between variables and transform quantitative inputs into 

quantitative outputs. The characteristics of quantitative research design are aligned with 
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the nature of this research, making it an appropriate methodological approach. Regard-

ing the quantitative data, this research uses a cross-sectional time-horizon, as the mod-

elling and analysis is performed on a single collected dataset rather than across multiple 

repeated observations over time. 

 

 

3.2 CRISP-DM approach 

This research was mainly conducted as a proof of concept for data science, machine 

learning and advanced analytics for the case company, thus an industry standard frame-

work CRISP-DM was applied. CRISP-DM is the most common methodology for data sci-

ence projects in industry (Shimaoka et al., 2024). It describes the lifecycle of a data sci-

ence project in six steps: Business understanding, data understanding, data preparation, 

modelling, evaluation and deployment (Martinez-Plumed et al., 2021). The CRISP-DM 

framework is visualized in figure 17. The deployment phase will be excluded from this 

thesis, as it is done separately by the company. This chapter will describe the procedures 

and techniques taken in detail from business and data understanding to data preparation 

and modelling, giving the reader a clear understanding of how the research project was 

executed. The evaluation phase will be described in the results section of this thesis. 
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Figure 17 CRISP-DM framework (Martinez-Plumed et al., 2021) 

 

 

3.2.1 Business understanding 

The business understanding phase focused on defining the business problem and trans-

lating it to project objectives. The background and problem definition are described in 

the introduction chapter of this thesis. The foundation for the research project was es-

tablished by discussing with the company’s sales managers to gain understanding about 

the demand of the product, current forecasting methods and the problems associated 

with them. The discussions were not documented for this thesis, as the goal was to gain 

preliminary understanding of the business case. The predictions generated with the cur-

rent baseline forecasting method for January to September 2025 were available to be 

used in this study as a baseline against the alternative forecasting methods. 

 

The company’s set objectives for this development project were similar to the research 

objectives of this study. The main objective was to develop an interpretable demand 

forecasting model with a three-month prediction horizon for the chosen product. The 
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second objective was to identify and analyze key demand drivers to deepen the under-

standing of demand in the company and increase the trustworthiness of the developed 

model. The final industry objective of this project was to demonstrate the business value 

of data science, ML and advanced analytics solutions which was done by comparing the 

developed models against the baseline forecast and evaluating the differences in accu-

racy.  

 

 

3.2.2 Data understanding 

The data understanding phase included identifying and collecting relevant data for fore-

casting from internal and external sources as well as exploring the data through EDA. 

The goal was to gain deeper understanding of the data by describing the initial collected 

dataset, assessing its quality and analyzing it to identify trends, patterns and relation-

ships that could have predictive potential for demand forecasting. The following sections 

describe these actions in more detail. 

 

 

3.2.2.1 Data collection 

The internal data used in this study was collected from the case company’s database 

complemented with external data from Eurostat, ECB and Yahoo Finance APIs. The 

timeframe covered by the raw dataset was 1.1.2015-30.9.2025, as it was the available 

timeframe for demand and pricing data for the chosen product. The collected data was 

aggregated to a monthly level due to the forecasting horizon being three months. If there 

were multiple data points for a single month, the data points were summed or averaged 

to a monthly average. The result of collecting and aggregating data was a raw time-series 

dataset with 129 rows and 15 columns. The initial raw dataset consisted of variables 

listed in table 1 below. 
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Table 1 Raw dataset variable information 

Variable Description Type Source 

sales Monthly sales Numeric Internal 

sales price Monthly average sales price Numeric Internal 

year Year of the sample Numeric Internal 

month Month of the sample Categorical Internal 

covid Covid indicator Binary Internal 

crisis Crisis indicator Binary Internal 

cl=f Monthly average crude oil price Numeric YF 

qg=f Monthly average natural gas price Numeric YF 

eur/usd Monthly average EUR/USD index Numeric YF 

construction confidence Construction confidence indicator Numeric Eurostat 

industry confidence Industry confidence indicator Numeric Eurostat 

consumer confidence Consumer confidence indicator Numeric Eurostat 

economic sentiment Economic sentiment indicator Numeric Eurostat 

interest 3-month average interest rate Numeric Eurostat 

inflation HICP inflation rate Numeric ECB 

 

 

3.2.2.2 Exploratory data analysis 

This section covers the EDA that was conducted to understand demand as a statistical 

phenomenon and to guide the modelling decisions. The demand was first described us-

ing core descriptive statistics shown in table 2. The standard deviation of the demand is 

nearly as large as the mean as can be seen from the coefficient of variation, indicating 

high variability and noisiness of demand. The high variability can also be seen from the 

min-max and interquartile ranges. Skewness and kurtosis values indicate a positively 

skewed distribution with heavy tails and outliers. The distribution and prominence of 

outliers are visually illustrated in the sales distribution and boxplot in figure 18. The main 

conclusion that was drawn from these statistics was that the nature of demand is volatile 

and it contains extreme outliers, making accurate forecasting challenging. 
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Table 2 Core descriptive statistics 

Statistic Value 

Mean 67714,32 

Standard deviation 65581,56 

Coefficient of variation 0,97 

Min - Max 25 - 393250 

Interquartile range 28875 – 84675 

Skew 1,87 

Kurtosis 4,00 

 

 

 

Figure 18 Distribution and boxplot of sales 

 

A seasonal decomposition of the demand time series data is displayed in figure 19. It 

separates demand into trend, seasonal and residual components. The observed plot 

shows the demand as a time-series, highlighting the continuous fluctuations and increas-

ing volatility. The trend component illustrates a clear upward trajectory in demand start-

ing from mid-2024. The seasonal component indicates that the demand has historically 

followed a yearly seasonal pattern. Lastly, the residual component shows random de-

mand fluctuations that are not captured by the trend or seasonal components, confirm-

ing that the demand variability is also subject to external and unpredictable factors and 

including them in a predictive model can potentially improve performance. The residual 
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component also has higher fluctuations starting from mid-2024. The growth trend and 

larger residual fluctuations indicate that a regime change has occurred in 2024, making 

forecasting the demand more challenging. 

 

 

Figure 19 Seasonal decomposition of demand 

 

Figure 20 visualizes the autocorrelation and partial autocorrelation of demand. ACF 

measures the correlation between demand and its past values, also referred to as lags 

(Kis, 2024). PACF measures the correlation between demand at two time points, ac-

counting for the intermediary demand values (Kis, 2024). The ACF in figure 20 shows a 

strong positive correlation at lags 1-6, indicating that the time-series has short-term 

memory with lags 1-6 influencing current demand. The PACF plot shows significant 

spikes at lags 1-3 and then declines quickly in larger lags, suggesting that most of the 

direct autocorrelation influence comes from the first lag, followed by lags 2 and 3. 
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Figure 20 ACF and PACF plots of demand 

 

After univariate analysis of demand, the initial dependencies between raw input varia-

bles and demand were measured using Spearman correlation to gain understanding of 

potential key variables. The correlation heatmap is shown in figure 21. The correlations 

suggest that sales price and year are the variables that have the most influence regarding 

sales. However, macroeconomic indicators such as confidence indexes, inflation and in-

terest rates may act as leading variables that need to be lagged to have predictive power. 

The correlation heatmap also shows significant multicollinearity between the input var-

iables, highlighting the importance of feature selection in the data preparation phase. 

 

The exploratory data analysis provided crucial information regarding the demand time 

series and its dependencies with suspected explanatory variables. These insights were 

used to guide the data preparation phase, including feature engineering and feature se-

lection as well. The analysis also provided direction for the modelling phase. 
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Figure 21 Spearman correlations between raw input variables 

 

 

3.2.3 Data preparation 

The aim of the data preparation phase was to prepare the raw dataset for modelling. In 

this study, data preparation consisted of data preprocessing and feature selection. Data 

preprocessing included the creation and transforming or features, ensuring that the da-

taset is correctly structured for forecasting. Feature selection was performed by combin-

ing correlation filtering and mutual information filtering to remove redundant features 

and to reduce multicollinearity and dimensionality in the dataset. These steps are de-

scribed in more detail in the following sections. 
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3.2.3.1 Data preprocessing 

The first step in data preprocessing was to create lagged features from the raw input 

variables. This was done to ensure feature availability at the time of forecasting, model 

the predictive power of leading variables and to ensure real-world performance. For this 

study, the input variables were shifted back in time only according to their availability, 

getting the latest available value at the time of forecasting. The target variable, monthly 

sales, was shifted three months forward. This made it possible to use monthly historical 

data to forecast the demand three months in advance. The final shifted features can be 

seen in table 3, which describes the structure of the final dataset used for modelling. 

 

The ACF and PACF plots in figure 20 suggested that recent demand values affect current 

demand. This was considered by computing a 4-month EMA of the sales t-1 feature. EMA 

is a moving average that places greater emphasis on recent data points. A 4-month EMA 

of the sales price t-1 was also computed as a feature to possibly capture the temporal 

effects of pricing dynamics in the model. The time series decomposition visualized in 

figure 19 showed indication of yearly seasonality in demand, which was accounted for 

by creating one-hot-encoded variables of the month column to act as control features 

and removing the initial numeric month column. This was done to ensure the models 

could capture the cyclical seasonality of demand. However, this increased the dimen-

sionality of the dataset significantly, which had to be considered in model selection. 

 

The high variance, skewness and outliers in the demand data, indicated in table 2 and 

figure 18, increase the difficulty of accurate forecasting. This was assessed by using a 

Box-Cox transformation on the target variable sales t+3 to improve normality, stabilize 

variance and to reduce skewness and the impact of outliers. The Box-Cox transformation 

is a family of power transformations that aims to make data more normally distributed 

and stabilize variance by finding the optimal 𝜆 , which is essential for many machine 

learning algorithms and statistical models (Osborne, 2010). The Box-Cox transformation 

of 𝑦 is mathematically expressed as 
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𝑦(𝜆) = { 
𝑦𝜆 − 1

𝜆
,       if 𝜆 ≠ 0

ln(𝑦),          if 𝜆 = 0

  , (13) 

 

For the sales data in this research, the optimal 𝜆 proved to be 0,3546. The effectiveness 

of the Box-Cox transformation on the target variable is visually illustrated in figure 22, 

showing clear improvement in normality of sales t+3, decreasing the skewness, stabiliz-

ing variance and reducing the influence of outliers. 

 

 

Figure 22 Effectiveness of Box-Cox transformation on the target variable 

 

 

3.2.3.2 Feature selection 

In this study, feature selection was performed by combining two filter methods: Corre-

lation filtering and mutual information. Only training data was used in the feature selec-

tion process to prevent any data leakage. Additionally, the monthly one-hot-encoded 

variables were excluded from the feature selection process, as they were used in 
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modelling as control variables due to their importance for capturing seasonality. Spear-

man correlation filtering was used to remove multicollinear features from the dataset 

with a correlation threshold of 0,75. The spearman correlation matrix used for filtering 

is visualized in figure 23. 

 

 

Figure 23 Spearman correlation heatmap of preprocessed features 

 

The correlation heatmap in figure 23 showed high multicollinearity between multiple 

feature pairs. Starting from the most collinear feature pair, if their correlation exceeded 

the 0,75 threshold, the feature with weaker correlation to the target variable was re-

moved from the dataset. This process was iterated until all the pairwise correlations 

were below the threshold. As exception, the multicollinearity between sales t-1 and 

sales ema4 was resolved by dropping sales ema4 due to the features having a similar 
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correlation with the target variable, but the PACF plot in figure 20 indicated that the first 

sales lag had the most predictive power. 

 

After multicollinearity was removed from the dataset, mutual information was used to 

identify and remove redundant features from the dataset. MI is a statistical measure of 

the amount of information that is shared between two random variables (Vergara & 

Estévez, 2014). It is useful in feature selection because it quantifies the relevance of a 

feature for predicting the target variable. It is also capable of measuring any kind of re-

lationship between the variables (Estevez et al., 2009). Higher MI value indicates a 

greater amount of information a feature provides about the target, indicating a stronger 

relationship. The MI values between the features and the target value are visualized in 

figure 24. 

 

 

Figure 24 MI values for feature selection 

 

The MI values indicated that feature qg=f t-1 is less likely to have predictive power than 

the other features, thus it was dropped from the dataset. After the two-step feature 

selection process, the final dataset that was used for modelling contained 124 rows and 
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23 columns, of which 12 were the one-hot encoded month features. Additionally, due to 

the different feature value ranges, standardization was implemented to enhance the per-

formance of the models and ensure the features contribute equally to the model training 

process. The final set of features used to model sales t+3 is described in table 3 below. 

 

Table 3 Final feature set (t = time of forecasting) 

Feature Description Type 

sales ema4 t-1 sales 4-month EMA Continuous 

sales price t-1 t-1 sales price Continuous 

eur/usd t-1 t-1 EUR/USD index Continuous 

construction confidence t-1 t-1 construction confidence indicator Continuous 

industry confidence t-1 t-1 industry confidence indicator Continuous 

consumer confidence t-1 t-1 consumer confidence indicator Continuous 

inflation t-1 t-1 HICP inflation rate Continuous 

interest t-2 t-2 3-month average interest rate Continuous 

year Year at the time of forecasting Continuous 

covid Covid indicator Binary 

month Month at the time of forecasting One-hot encoded 

 

 

 

3.2.4 Modelling 

The modelling phase consisted of selecting and developing the potential demand fore-

casting models as well as designing the setup for model training, hyperparameter tuning 

and testing. This section first outlines the model development workflow and describes 

the developed demand forecasting models and their hyperparameters, followed by as-

sessing the model evaluation metrics and how key demand drivers are classified. The 

models selected for development and comparison represent univariate time-series fore-

casting models, machine learning models and hybrid models combining the strengths of 

both. Deep learning models were excluded from model comparison due to the 
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insufficient amount of training data. The test set performance of the developed models 

is evaluated and compared both quantitatively and visually later in chapter 4. 

 

As mentioned in chapter 3.2.2, the raw dataset consisted of monthly sales data from 

January 2015 to September 2025, with the final dataset containing 124 samples. Due to 

the small sample size and recent upward trend change in demand, the split choice be-

tween training, hyperparameter tuning and testing sets was crucial. In the end, the mod-

els were first trained with data from January 2015 to May 2024 and hyperparameters 

were tuned on data from June 2024 to December 2024. The models were then trained 

with the tuned parameters on data from January 2015 to December 2024. Final valida-

tion was performed on the test set from January 2025 to September 2025 and compared 

against a baseline forecast that was only available for that timeframe. The model devel-

opment workflow is visually illustrated in figure 25. 

 

 

Figure 25 Model development workflow 
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3.2.4.1 Holt-Winters Exponential Smoothing 

As described in chapter 2.3.1.1, Holt-Winters Exponential Smoothing is a time-series 

forecasting method that can work well with small datasets that have trendy and seasonal 

characteristics. Therefore, it was selected for modelling as a baseline univariate time-

series model to compare against machine learning and hybrid models. The final model 

hyperparameters that were used for test set forecasting are seen below in table 4. 

 

Table 4 Holt-Winters hyperparameters 

Hyperparameter Value 

trend ’mul’ 

damped_trend True 

seasonal ’add’ 

seasonal_periods 12 

 

 

3.2.4.2 Prophet 

In this study, Prophet was selected for model comparison to represent the more modern 

univariate time-series forecasting methods. It was chosen to bridge the gap between 

classical, statistical time-series forecasting and machine learning as it combines concepts 

from both. The tuned hyperparameters of the Prophet model are listed in table 5. 

 

Table 5 Prophet hyperparameters 

Hyperparameter Value 

seasonality_mode ’multiplicative’ 

changepoint_prior_scale 0.5 

n_changepoints 25 

seasonality_prior_scale 5.0 

changepoint_range 0.95 
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3.2.4.3 Elastic Net Regression 

Elastic Net Regression was selected for comparison as a classical machine learning model 

due to it being a simple, efficient and interpretable forecasting solution for small, high-

dimensional datasets that contain multicollinearity. The regularization and feature selec-

tion properties of Elastic Net Regression make it a suitable choice for this study to pre-

vent overfitting. The hyperparameters of the tuned Elastic Net model are shown in table 

6. 

 

Table 6 Elastic Net hyperparameters 

Hyperparameter Value 

alpha 0.01 

l1_ratio 1.0 

 

 

3.2.4.4 XGBoost 

In this study, XGBoost was included in model comparison to represent state-of-the-art 

machine learning techniques. Similar to Elastic Net Regression, XGBoost offers built-in 

regularization to control model complexity and prevent overfitting. Due to the limited 

amount of training data, the XGBoost model had to be kept simple to decrease the risk 

of overfitting. The final tuned hyperparameters of the XBoost model are presented in 

table 7. 
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Table 7 XGBoost hyperparameters 

Hyperparameter Value 

n_estimators 100 

max_depth 2 

learning_rate 0.05 

reg_alpha 1 

reg_lambda 1 

subsample 0.6 

gamma 0 

min_child_weight 1 

colsample_bytree 0.6 

 

 

3.2.4.5 Hybrid models 

As was stated in chapter 2.3.4, exploring hybrid models in demand forecasting can lead 

to efficient and robust solutions, especially in unstable market conditions with high vol-

atility. In this study, the first hybrid model that was explored combined two of the simpler 

models that were also developed in isolation to see if combining them could increase 

the accuracy. The first hybrid model combined Holt-Winters Exponential Smoothing and 

Elastic Net Regression by first generating the Holt-Winters forecasts and then using the 

forecasts as a feature in Elastic Net Regression to generate the final forecasts. This ap-

proach to combining the models ensured the final forecast remained interpretable. The 

hyperparameters of the separate models were kept the same as in the isolated models 

for unbiased performance comparison. The diagram in figure 26 illustrates the frame-

work of the Holt-Winters – Elastic Net hybrid model. 
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Figure 26 Holt-Winters - Elastic Net Regression hybrid model framework 

 

The same hybridization approach as above was also applied to combine the two more 

advanced models in this study. In the second hybrid model, Prophet and XGBoost were 

combined by first generating Prophet forecasts and then adding them to the feature set 

that XGBoost was trained on to generate the final forecasts. As with the first hybrid, the 

hyperparameters of the models were retained from the isolated models to ensure fair 

model comparison. Figure 25 presents the framework of the Prophet – XGBoost hybrid 

model. 

 

 

Figure 27 Prophet - XGBoost hybrid model framework 

 

 

3.2.5 Model evaluation metrics and demand driver classification 

The evaluation metrics used for assessing and comparing model performance on unseen 

data in this study were MAE, RMSE, MAPE and 𝑅2 score, which are all widely recognized 

evaluation metrics in demand forecasting. MAE computes the average of the absolute 

difference between actual and predicted values (Tatachar, 2021). RMSE is the square 

root of the average of the mean of squares of errors (Tatachar, 2021).  MAPE is the per-

centage equivalent of MAE, computing the mean of the absolute percentage errors be-

tween actual and predicted values (de Myttenaere et al., 2016). 𝑅2 is the coefficient of 
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determination, measuring the goodness-of-fit of the model by determining the propor-

tion of variance in the target variable that is explained by the independent variables in-

cluded in the model (Tatachar, 2021). To detect overfitting, training and test set MAE and 

RMSE were compared when evaluating each model. A significant increase in test set er-

rors in relation to training set errors often indicate overfitting and low generalizability, 

while similar error metrics for training and testing sets suggest high model generalizabil-

ity on unseen data, indicating better real-world performance.  

 

In this study, the impact of features was analyzed, and key demand drivers were identi-

fied by combining SHAP values with MLR p-values and feature coefficients. SHAP values 

provide information about the contribution of each independent variable to specific 

model predictions (Wang et al., 2024). A feature with a higher SHAP value can be deter-

mined as more influential in the model when generating forecasts. SHAP is a model-ag-

nostic, additive feature attribution technique, thus it was chosen for this study to model 

the feature relationships with the target variable (Wang et al., 2024). MLR p-values and 

coefficient signs were used to strengthen the SHAP results by providing evidence if the 

features were statistically significant predictors. This dual approach combining model-

based interpretation and statistical inference was chosen to increase the robustness of 

the identification and analysis of demand drivers. 

 

 

3.3 Research validity and reliability 

The quality of quantitative research can be assessed by using reliability and validity as 

criteria (Golafshani, 2003). Validity can be defined as the extent to which a study 

measures what it is claimed to measure (Andersson et al., 2024). According to Andersson 

et al. (2024), validity can be classified into three types: Internal, external and construct 

validity. In this study, internal validity was assessed by splitting the data into training and 

testing sets to ensure the model performance was caused by predictive power of fea-

tures, not data leakage. External validity was assessed by applying hold out validation to 

the trained models on the test set against a baseline forecast, providing indication of 
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model generalization to unseen real-world data. Construct validity was assessed by 

measuring model forecast accuracies with widely accepted metrics such as MAE, RMSE, 

MAPE and 𝑅2 score, aligning the results with existing demand forecasting research. 

 

Research reliability can be defined as the extent to which the results are consistent and 

stable over time (Golafshani, 2003; Andersson et al., 2024). Andersson et al. (2024), state 

that reliable research should yield similar results under consistent conditions. This was 

ensured by using a standardized CRISP-DM framework to systematically approach each 

stage of the research from data understanding and preparation to modelling and evalu-

ation. In addition, each step was documented to ensure that the research process was 

reliable and reproducible. 
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4 Results and discussion 

This chapter presents, interprets and discusses the results of this thesis as well as pro-

vides the answers to the research questions of this study. This chapter is divided into two 

sections: model performance comparison, and identification and analysis of key demand 

drivers. In the model performance comparison section, the developed models are quan-

titatively compared through the chosen evaluation metrics and visually assessed by plot-

ting the test set forecasts of all compared models against actual demand. By evaluating 

the models, the best performing approach is identified and will be implemented in the 

case company. 

 

The identification and analysis of key demand drivers section provides answers to the 

second research question. The features were classified as key demand drivers if they 

ranked among the most impactful predictors based on SHAP values of the best perform-

ing model and if they were either statistically significant or approached significance ac-

cording to their MLR p-values. The effects of the key demand drivers were interpreted in 

depth by analyzing the local SHAP values of the test set predictions to see how the fea-

tures impacted the prediction. The SHAP analysis was supported with statistical evidence 

from MLR coefficients of significant features. 

 

 

4.1 Model performance comparison 

The computed test set evaluation metrics of the models included in this study are pre-

sented in table 8 below. Table 9 contains the comparison of training and test set MAE 

and RMSE values of the models to detect possible under- or overfitting. The test set per-

formance of the models is visually presented in figures 28-33. The baseline forecast is 

included in both the numeric and visual comparisons for reference to show how the 

models performed against it. 
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Table 8 Test set performance comparison of forecasting models 

Model MAE RMSE MAPE 𝑹𝟐 

Baseline 119822.22 141255.00 92.65 % -1.48 

Holt-Winters 183273.05 204114.57 126.53 % -4.18 

Prophet 82108.31 104728.94 43.26 % -0.36 

Elastic Net Regression 54627.58 78383.27 28.98 % 0.24 

XGBoost 65226.84 94390.54 38.41 % -0.11 

HW - Elastic Net 51326.67 67917.65 33.58 % 0.43 

Prophet - XGBoost 71956.37 95151.18 45.12 % -0.13 

 

Table 9 Training and test set error rate comparison to detect overfitting 

Model MAE (Train) MAE (Test) RMSE (Train) RMSE (Test) 

Holt-Winters 58402.99 183273.05 71273.01 204114.57 

Prophet 47362.20 82108.31 53047.25 104728.94 

Elastic Net Regression 30899.44 54627.58 49088.08 78383.27 

XGBoost 21311.32 65226.84 35784.30 94390.54 

HW - Elastic Net 31034.25 51326.67 49314.04 67917.65 

Prophet - XGBoost 19419.84 71956.37 31896.82 95151.18 

 

 

The results obtained through this research suggest that a hybrid demand forecasting 

model combining Holt-Winters Exponential Smoothing and Elastic Net Regression per-

forms best for the selected product, given the feature set selected to be included in this 

study. This was identified both quantitatively from the evaluation metrics presented in 

table 8, where the HW-Elastic Net hybrid model outperformed other models in MAE, 

RMSE and 𝑅2 score, and qualitatively from the HW-Elastic Net forecast plot displayed in 

figure 28, which indicated that the HW-Elastic Net was the best fit for the hold-out test 

set. The HW-Elastic Net model did not show significant signs of overfitting, indicating 

good generalizability and real-world performance. The hybridization of Holt-Winters and 

Elastic Net Regression showed improved performance compared to independent models 

by combining Holt-Winters’ ability to capture the trend and seasonality and 
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complementing it with Elastic Net Regression to utilize external features and built-in reg-

ularization. In addition, the HW-Elastic Net improved forecasting MAE by approximately 

57 % compared to the baseline approach. This supports the findings made by Ahmed 

and Husien (2024) and Ingle et al. (2021), which state that hybrid models can perform 

more efficiently and accurately compared to isolated models, especially in volatile mar-

ket conditions. 

 

 

Figure 28 HW-Elastic Net hybrid forecast 

 

Elastic Net Regression in isolation also performed well on the test set with good gener-

alization, being only slightly outperformed by the HW-Elastic Net hybrid. Quantitatively 

it showed the lowest MAPE and was closest to HW-Elastic Net in the other metrics than 

the other models included in this study. Visually it performed similarly to the HW-Elastic 

Net hybrid, as can be seen in figure 29. The Elastic Net also showed significant forecasting 

accuracy improvements compared to baseline. HW-Elastic Net was slightly more accu-

rate due to the slightly higher level of the predicted demand values, that was most likely 

driven by the Holt-Winters forecast as a feature. The tuned hyperparameters of the Elas-

tic Net show that a pure Lasso regression with light regularization works best for this 

study’s data by prioritizing feature selection and simplifying the model. This supports 

Chung’s et al. (2023) statement that Elastic Net is efficient with high-dimensional data. 
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Figure 29 Elastic Net forecast 

 

Holt-Winters Exponential Smoothing showed weakest quantitative performance 

amongst the compared models, having clearly inferior evaluation metrics and indicating 

significant overfitting. However, by inspecting figure 30, it appears that Holt-Winters is 

able to capture the underlying seasonal patterns in the demand, but the magnitude of 

the forecasts is significantly higher than actual demand. The seasonality captured by the 

Holt-Winters model proved to be useful in hybrid modelling, as it increased the perfor-

mance of the isolated Elastic Net model. This finding is in line with Berberich’s (2020) 

findings, suggesting that Holt-Winters can be hybridized with a machine learning model 

to compensate for its limitations. 
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Figure 30 Holt-Winters forecast 

 

The Prophet demand forecasting model showed weak performance numerically and 

moderate performance visually as can be observed from figure 31. It also indicated sig-

nificant overfitting according to the difference in training and test set MAE and RMSE. 

Likely reasons for overfitting are the limited amount of data and the structural demand 

shift that happened in 2024, making the demand forecasting problem complex. This sup-

ports Guo’s et al. (2021) statement that Prophet encounters limitations with more com-

plex forecasting problems due to its limited expression ability and inability to utilize ex-

ternal features to generate forecasts and thus should be complemented with a machine 

learning model to build a hybrid model. 
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Figure 31 Prophet forecast 

 

XGBoost, known for its state-of-the-art performance in demand forecasting with large 

datasets (Harikrishnan & Sreedharan, 2025), demonstrated clear signs of significant 

overfitting. It performed accurately on training data, but due to the lack of generalization, 

it was unable to perform well on the hold out test set. The overfitting can be seen visually 

in figure 32, where it can be observed that XGBoost is not able to predict the fluctuations 

in demand. In order to improve XGBoost’s performance and prevent overfitting, more 

training data would be needed. The results obtained with the small dataset in this re-

search support Velarde’s et al. (2023) statement that the predictive power of XGBoost 

quickly decreases with insufficient training data. 
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Figure 32 XGBoost forecast 

 

The hybridization of Prophet and XGBoost did not show significant improvement to the 

performance of the models in isolation. The complex hybrid model also displayed more 

significant overfitting than the isolated models. The metrics show that it slightly im-

proved the performance of the Prophet model but still performed worse than isolated 

XGBoost model. By visually inspecting figure 33, it seems that Prophet-XGBoost fits the 

data similarly to Prophet and slightly better than XGBoost. The weak performance of 

Prophet, XGBoost and the hybrid model combining them indicates that the models are 

too complex for the demand forecasting problem, mostly due to the lack of training data 

and insufficient model tuning.  

 

After evaluating the models, their fit and test set performance, the results show that all 

of the developed models except for Holt-Winters Exponential Smoothing improved the 

forecasting metrics compared to the baseline approach. This indicates that there is a 

significant need for data-driven demand forecasting in the company, and the best per-

forming HW-Elastic model should be implemented to support the current demand fore-

casting process. 
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Figure 33 Prophet-XGBoost hybrid forecast 

 

 

4.2 Identification and analysis of key demand drivers 

This section identifies and analyzes the key demand drivers, using HW-Elastic Net SHAP 

values and MLR p-values as quantitative metrics. First, the key demand drivers are iden-

tified through analysis of SHAP values from the best performing HW-Elastic Net model 

and cross analyzing them with MLR p-values. Secondly, the impact of the key demand 

drivers in the HW-Elastic Net model is analyzed and interpreted with a similar dual ap-

proach to gain deeper understanding of the relationship between the features and de-

mand. 

 

 

4.2.1 Identification of key demand drivers 

The most impactful features according to SHAP values are visualized in figure 34. The 

SHAP values indicate that the model emphasizes the upward trend of demand in its pre-

dictions, which can be seen as the high SHAP value of the year feature. Beyond trend, 

the model highlights the importance of macroeconomic indicators in predicting demand, 

giving weight to features such as industry confidence, historical interest rates, and the 
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exchange rate between the Euro and USD. In addition, the SHAP values indicate that the 

past sales prices and short-term EMA of past sales volume affect future demand. The 

HW-Elastic Net model also uses the temporal components captured by the Holt-Winters 

forecast to complement the external features. 

 

 

Figure 34 Most impactful HW-Elastic Net features according to SHAP value 

 

To ensure robust identification of the key demand drivers, MLR was performed on the 

dataset to assess the significance of the features. It resulted in a statistically significant 

p-value for sales price t-1, year, eur/usd t-1, industry confidence t-1 and month_12. In 

addition, the p-values of month_7, interest t-2 and month_6 were only slightly above the 

5% significance level, thus they were also considered significant in this study. The MLR 

p-values of the significant features can be seen below in table 10.  
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Table 10 MLR p-values of the significant features 

Feature p-value 

sales price t-1 0.000 

year 0.002 

eur/usd t-1 0.003 

industry confidence t-1 0.01 

month_12 0.025 

month_7 0.063 

interest t-2 0.063 

month_6 0.07 

 

By analyzing the HW-Elastic Net SHAP values from figure 34 and the MLR p-values from 

table 10, it can be concluded that they show similar results, both approaches highlighting 

the same key demand drivers. The identified key demand drivers and their justification 

are seen in table 11. Consistency across statistical significance and model-based feature 

importance suggests that product demand is driven by the combination of trend and 

seasonal patterns, short-term sales pricing and momentum as well as long-term eco-

nomic indicators, explaining the efficiency of a hybrid model combining time-series fore-

casting and machine learning. 

 

Table 11 Key demand drivers 

Key demand driver SHAP justification p-value justification 

Trend & Seasonality year, HW forecast year, month_12, month_7, 

month_6 

Historical Sales Performance sales ema4, sales price t-1 sales price t-1 

Euro / USD Exchange Rate eur/usd t-1 eur/usd t-1 

Industry Confidence industry confidence t-1 industry confidence t-1 

Interest Rates interest t-2 interest t-2 
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4.2.2 Analysis of the key demand drivers 

This section contains the in-depth analysis of the key demand drivers identified in the 

previous section. The HW-Elastic Net model SHAP values and MLR coefficients of the 

significant features are analyzed to gain in-depth understanding of demand behavior and 

to explain model predictions. The features included in the analysis are the identified key 

demand drivers. The SHAP analysis was conducted on the test set to ensure the analysis 

reflects the model’s generalization performance and interprets how the model uses each 

feature to make predictions on unseen data. The SHAP analysis plot is seen in figure 35. 

In the plot, blue dots represent relatively lower feature values while red dots represent 

higher feature values. A positive SHAP value on the x-axis indicates that the feature 

pushed the predictions higher while a negative value means that the feature decreased 

the predicted value. 

 

 

Figure 35 SHAP analysis of the identified demand drivers 

 

As observed from the plot, the SHAP values of the test set predictions suggest that a 

higher year value pushes the predictions up, indicating the model has captured the 
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growing trend in demand. The values also show that higher industry confidence levels 

push the demand forecasts higher. The model suggests that previous sales EMA and sales 

pricing are inversely proportional to three-month demand. Similarly, higher interest 

rates and the exchange rate between the Euro and USD lead to decreased demand fore-

casts. 

 

The results of the model SHAP analysis are supported by the MLR variable coefficients 

that are visible below in table 12. Only the signs of the significant variables were included 

in the table. Again, the consistency across model-based results and statistical analysis 

strengthens the results of the demand driver analysis. These results increase the trust-

worthiness of the model and provide important insights for the company. 

 

Table 12 MLR coefficient signs of the significant features 

Feature Coefficient sign 

sales price t-1 - 

year + 

eur/usd t-1 - 

industry confidence t-1 + 

month_12 + 

month_7 + 

interest t-2 - 

month_6 + 
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5 Conclusion 

This thesis acted as proof of concept for ML and advanced analytics in the case company. 

The research aimed to identify and develop a demand forecasting model for the com-

pany’s chosen product to increase the forecasting accuracy against the baseline ap-

proach, as well as to identify and analyze key demand drivers that influence product 

demand by utilizing machine learning and statistical methods. To meet these objectives, 

an industry standard CRISP-DM framework was utilized to collect, process and analyze 

data and to develop and compare multiple demand forecasting models. Key demand 

drivers were identified by analyzing the SHAP values of the developed models and per-

forming MLR to identify the most significant features for predicting demand. Research 

was guided by the following research questions: 

 

1. What is the most efficient demand forecasting model for predicting the demand 

of the selected product? 

2. What are the key demand drivers for the selected product? 

 

The results of this study suggest that a hybrid model combining Holt-Winters Exponential 

Smoothing and Elastic Net Regression is the most efficient demand forecasting approach 

from the compared set of models on the current dataset, with a significant improvement 

of 57 % in MAE when compared against the baseline approach. The results of the key 

demand driver analysis in this study indicate that the demand of the selected product is 

driven by trend and seasonal factors, short-term sales pricing and momentum as well as 

macroeconomic leading indicators such as industry confidence, interest rates and the 

Euro/USD exchange rate. 

 

The findings of this research contribute to machine learning and demand forecasting 

research by providing evidence that hybrid modelling can be an efficient demand fore-

casting solution with small and volatile real-world datasets. This was demonstrated by 

the HW-Elastic Net hybrid model that combined the temporal structure captured by 

Holt-Winters Exponential Smoothing with the multivariate inputs and regularization 
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provided by the Elastic Net to outperform the isolated models. The results are in line 

with existing research, claiming that hybrid models can produce efficient results, espe-

cially in volatile market conditions by increasing accuracy and reducing overfitting issues. 

The results also suggest that model-based SHAP-values can be combined with MLR sta-

tistical inference to create a robust model interpretation framework. 

 

The significant improvement in forecast MAE of approximately 57% in the test set sug-

gests that the HW-Elastic Net model would enhance the inventory planning in the case 

company by reducing the risk of over- and understocking. More reliable three-month 

forecasts support purchasing decisions to help account for long lead-time uncertainty. In 

addition, the identified demand drivers provide actionable and monitorable indicators 

for demand planning, as well as increase the trust in the HW-Elastic Net model. The re-

sults enable the transition from judgmental forecasting to a robust, data driven process, 

ultimately advancing the overall analytical maturity of the case company. 

 

The practical next step in the case company is to deploy the developed HW-Elastic Net 

demand forecasting model to production systems to support monthly supply planning 

processes. This enables the monitoring and validation of the model in a real-world oper-

ational environment to examine its business impact and long-term performance in vary-

ing scenarios. Data-driven demand forecasting will also be expanded to a wider range of 

products and product families. 

 

 

5.1 Limitations and future research 

While the hybrid model developed in this research improved demand forecasting accu-

racy significantly compared to baseline and provided relevant insights regarding varia-

bles that drive demand, there are limitations that need to be considered when evaluat-

ing the outcome of this research. The main limitation is the limited monthly demand 

data availability, leading to a small dataset. Small data meant that more complex 
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machine learning models were prone for overfitting and deep learning models were ex-

cluded from the empirical study. 

 

Another limitation was the structural change in demand in mid-2024 that led to a large 

upward trend and increased volatility in demand. To account for the structural change 

and to ensure the model could learn the changed structure, the size of the test set had 

to be decreased to only 9 samples that accounted for the timeframe from January to 

September in 2025. The small hold-out test set provided an initial indication on how the 

model performs on out-of-sample real world data, but more testing data is needed to 

robustly validate the model. In addition, the key demand drivers were identified by uti-

lizing SHAP-values and MLR p-values, indicating correlation-based relationships and thus 

cannot be interpreted as evidence for true causal effects. 

 

Future academic research should account for these limitations and extend the findings 

of this research. Firstly, a wider range of demand forecasting models should be compared 

to potentially identify more efficient forecasting solutions. This would require dataset 

expansion to also incorporate more complex ML models and deep learning models in 

the comparison. Secondly, taking the structural changes into account, future research 

should investigate forecasting methods that are built to be robust to regime shifts to 

potentially generate more accurate forecasts and better generalization. 

 

Regarding the key demand drivers and their effects on model predictions, a more exten-

sive set of explanatory variables could be investigated to potentially improve the perfor-

mance of the model. Additionally, future research should assess how different feature 

selection and dimension reduction methods affect model performance and explainabil-

ity. Future work should also emphasize performing extensive statistical analysis on the 

identified demand drivers to validate the causal relationships between variables and de-

mand. 
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