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Abstract
Accurately forecasting unconstrained demand is essential for effective supply chain
planning and inventory management. This thesis examines the performance of both
traditional statistical methods and modern machine learning models in predicting
unconstrained demand, with a particular focus on comparing global and local model-
ing strategies across multiple products. Using real-world sales data, models such as
ARIMA, XGBoost, and LightGBM were evaluated based on their ability to produce
accurate forecasts.

The comparative analysis of forecasting models across multiple products reveals that
model performance varies significantly depending on product characteristics and the
chosen modeling approach. Overall, modern machine learning approaches, particu-
larly LightGBM and XGBoost, consistently outperformed the traditional ARIMA
benchmark in terms of predictive accuracy. However, their effectiveness varied by
modeling approach and product type.

The results indicate that local models, especially those based on LightGBM, tend
to perform better for products with lower demand, as they are more capable of cap-
turing product-specific patterns and fluctuations. In contrast, global models show
stronger performance for high-demand products, where shared patterns across prod-
ucts can be more effectively leveraged. Although global models may not always
match the accuracy of well-tuned local models, they offer significant practical ad-
vantages, including simplified model management, reduced training time, and better
scalability. These findings highlight the trade-offs between accuracy and efficiency,
and provide valuable insights into when global forecasting models may serve as viable
alternatives to individualized local models.

Keywords: Time Series, Demand Forecasting, Machine Learning, LightGBM,
XGBoost, Statistical Model, Global Model, Local Model.
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1
Introduction

In an increasingly complex and dynamic industrial landscape, accurate demand fore-
casting is essential for efficient supply chain management. Some companies currently
rely on manual forecasting processes, making demand prediction highly dependent
on human expertise. While traditional statistical methods have historically sup-
ported supply chain forecasting, they often struggle with non-linearity, external
disruptions, and scalability. Machine Learning (ML) offers a data-driven alterna-
tive that can capture complex patterns, improve forecasting accuracy, and reduce
reliance on manual intervention [1].

This thesis explores the application of ML techniques to enhance unconstrained
demand forecasting. The research focuses on developing predictive models for prod-
ucts at the company we are working with. The goal is to assess the feasibility
of ML-based forecasting and its potential to improve decision-making by reducing
forecasting errors and optimizing inventory planning.

The study will begin by developing models for predicting sales for the main products,
given its critical role in the companys supply chain. By leveraging ML techniques
such as time-series models and gradient boosting methods, this research aims to eval-
uate the advantages and challenges of integrating ML into an industrial forecasting
workflow.

Beyond algorithmic development, this thesis also considers practical challenges such
as data availability, feature engineering, and model interpretability. The outcome
of this research will contribute to the companys transition from manual forecast-
ing to a more automated, data-driven approach, offering insights into the broader
applicability of ML in industrial supply chains.

1.1 Purpose
The objective of this work is to design and implement ML models that deliver
improved forecasting performance over the company’s current methods, targeting
unconstrained demand across specific markets, segments, and product categories.

The key research questions that will help explore the impact of machine learning on
unconstrained demand forecasting are:
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1. Introduction

• How can machine learning techniques improve the accuracy of unconstrained
demand forecasting?

• Which features have the most impact when modeling unconstrained demand?

• To what extent can a global forecasting model generalize across different prod-
ucts, compared to individualized local models, in predicting unconstrained
demand?

The first question helps with investigating how different machine learning methods
can improve forecasting accuracy, providing insights into which approaches are most
effective for this specific context. The second question focuses on the impact of input
features on forecasting to understand which ones contribute most to model perfor-
mance because recognizing the most influential features is essential for developing
robust and reliable predictive models. Lastly, the third question aims to evaluate the
extent to which a global forecasting model can generalize across different products
in predicting unconstrained demand compared to individualized local models. This
investigation seeks to determine whether a global model can offer comparable or
superior forecasting performance, potentially improving scalability and consistency
in current demand forecasting practices.

Each of these questions is explored in dedicated sections of this report. The improve-
ment in forecast accuracy through machine learning models is analyzed in Section
5.1, where model performance is benchmarked against traditional statistical meth-
ods. Section 5.2 investigates feature importance, highlighting the most impactful
predictors derived from sales history and other relevant variables. Finally, Sections
5.1 and 5.3 compares the effectiveness of global versus local and cluster-based fore-
casting models, discussing their relative strengths and limitations across different
product categories.

1.2 Background
Research in supply chain forecasting has demonstrated the transformative potential
of ML and Deep Learning (DL) to surpass traditional methods by leveraging large
datasets and uncovering complex patterns. For example, Seyedan and Mafakheri [1]
emphasize the role of big data analytics in improving forecasting precision, reducing
supply chain inefficiencies, and mitigating uncertainties through advanced methods,
like time-series analysis, regression, and neural networks.

Traditional forecasting methods in supply chain management include spreadsheet
models and simple statistical techniques, such as moving averages, exponential
smoothing, and ARIMA [1]. Some of their key limitations include poor scalability,
limited ability to capture the complexities of modern supply chains, heavy reliance
on planners’ expertise, and a lack of integration with external market factors. These
methods are limited by their dependence on predefined relationships and historical
trends, making them less effective in predicting fluctuations.

In contrast, ML-based models can process large amounts of data and account for
non-linear relationships, making them more robust and accurate [1]. Their ability

2



1. Introduction

to incorporate a wider range of inputs also makes them well-suited for handling
the impact of organizational and external factors that often influence demand, such
as marketing strategies, economic instability, and inflation. By integrating these
external variables, machine learning models can improve their adaptability to future
demand shifts.

Similarly, Shavaki and Ghahnavieh [2] highlight the effectiveness of DL techniques,
such as long short-term memory (LSTM) and convolutional neural networks (CNNs).
The findings show that in some cases, LSTMs outperformed traditional methods
like ARIMA and basic neural networks, particularly for capturing long-term depen-
dencies. Additionally, CNNs have been primarily used for feature extraction and
quality management in supply chain forecasting. However, there are notable limi-
tations where LSTMs and CNNs require significant computational power, making
them challenging to deploy in real-time applications. Moreover, these models depend
on large, high-quality datasets, and their performance is significantly impacted by
noisy or imbalanced data.

Furthermore, studies such as Song and Chen [3] have shown the effectiveness of Light
Gradient Boosting Machines (LightGBM) in enhancing financial time series forecast-
ing in the shipping market, demonstrating their potential for accurate and efficient
predictions. This is further supported by the results of the M5 Competition [4],
where LightGBM-based models ranked among the top-performing approaches, high-
lighting their robustness, scalability, and adaptability in complex forecasting scenar-
ios across various industries.

1.3 Ethical Considerations
The application of ML in supply chain forecasting raises several ethical considera-
tions. Data privacy and security in supply chain forecasting includes the responsi-
bility of safeguarding sensitive business information. Improper handling of data can
expose confidential operational details, supplier relationships, and business insights.
This can damage trust, harm a companys reputation, or create competitive disad-
vantages. It is important to handle data carefully, ensuring that its use, storage,
and transfer follow principles of confidentiality, accountability, and integrity.

The increasing reliance on advanced machine learning models in supply chain fore-
casting introduces ethical concerns about dependence on technology. While these
models improve accuracy and efficiency, their complexity may require a deep under-
standing of both the models and the features used in forecasting.

While machine learning models can provide highly accurate forecasts, their complex-
ity can lead to a lack of transparency. From an ethical standpoint, it is important
to be able to explain how forecasts are made, even if the exact inner workings of
the model remain complex. For this, feature importance analysis will be used to
identify which groups of features are most informative for the forecasts. This pro-
vides stakeholders with insights into what factors influence the predictions, without
needing to explain the impact of each feature individually.

3



1. Introduction

This project explores multiple models and a broad set of features, which increases
the complexity of interpretation and reduces the transparency and trustworthiness of
the system’s outputs. If the models fail to perform as expected, human intervention
is still necessary to correct predictions, which raises questions about accountability
and decision-making. Striking a balance between trust in automated systems and
human expertise is essential to ensure that critical decisions remain under human
oversight and to avoid overreliance on AI-generated forecasts.

4



2
Theory

This chapter contains the theoretical background for the methods used. It begins
with an overview of time series and demand forecasting. The chapter then introduces
key forecasting approaches, starting with the statistical method ARIMA, which has
been widely used due to its simplicity and interpretability. Following this, the focus
shifts to machine learning techniques, particularly gradient boosting decision trees,
with detailed discussions of the XGBoost and LightGBM algorithms. Finally, the
chapter outlines the evaluation metrics employed to assess forecasting performance,
providing the necessary framework for interpreting and comparing model results in
subsequent chapters.

2.1 Time Series
Time series data represents observations collected sequentially over time at regular
intervals, forming the basis for temporal pattern analysis [5]. These datasets dif-
fer fundamentally from cross-sectional data due to their inherent temporal ordering
and autocorrelation structure. The primary objective of time series analysis is to
identify and model the underlying patterns that govern the data generation pro-
cess while accounting for temporal dependencies. Key characteristics of time series
include autocorrelation, stationarity, seasonality, and trends [6], each requiring spe-
cific modeling considerations to ensure accurate forecasting. Understanding these
properties is essential for selecting appropriate forecasting methods and interpreting
their results effectively.

2.1.1 Autocorrelation and Stationarity
Autocorrelation refers to the correlation of a time series with its past values [7]. It
indicates how strongly current values depend on previous observations and measures
the linear relationship between lagged values of a time series. This quantifies how
current values in a series relate to past values at fixed lags and is typically described
using the autocorrelation function (ACF):

ρ(s, t) = γ(s, t)√
γ(s, s)γ(t, t)

, (2.1)

5



2. Theory

where ρ(s, t) is the autocorrelation between time points s and t, γ(s, t) is the covari-
ance between the values of the time series at time points s and t, and γ(s, s) and
γ(t, t) are the variances at time points s and t, respectively.

In time series analysis, stationarity refers to the property that the statistical char-
acteristics of a time series do not change over time [7]. This means that the process
that generates the time series has a constant mean and variance, and the autocovari-
ance between two points in time depends only on the lag or time difference between
them, not on the specific times themselves. Stationarity is crucial because it allows
for meaningful statistical analysis and forecasting, as it implies a certain regular-
ity in the data’s behavior. A non-stationary series may exhibit trends or seasonal
patterns, which can make it harder to model without transformation.

2.1.2 Trends and Seasonality
Trend refers to the long-term movement in a time series, indicating a sustained
increase or decrease in the data over time. It captures the underlying direction of
the data, which may be influenced by external factors such as economic growth,
technological advancements, or demographic shifts.

Seasonality refers to repetitive and predictable fluctuations in a time series that
occur at regular intervals. These variations are often driven by external recurring
factors such as climate, holidays, or economic cycles.

2.2 Demand Forecasting
Demand forecasting is the process of estimating future customer demand for a prod-
uct or service based on historical data, statistical techniques, and machine learning
models. It is essential for supply chain management, inventory optimization, and
production planning, enabling businesses to allocate resources effectively and reduce
uncertainties in decision-making [8].

Mathematically, demand forecasting can be expressed as:

Dt = f(Ht, Et, Mt), (2.2)

where Dt is the forecasted demand at time t, Ht represents historical demand data,
Et accounts for external factors (e.g., economic indicators, weather), and Mt includes
market conditions and consumer behavior.

Unconstrained demand refers to the total customer demand for a product or service,
presuming there are no supply limitations [9]. It represents the quantity that cus-
tomers would purchase if the products were always available, without any stockouts,
backorders, delays, or capacity constraints. This concept is important for businesses
aiming to understand the true market demand, as it separates actual sales from
potential sales lost due to supply limitations.

6



2. Theory

2.3 Statistical Methods
Statistical methods rely on historical data and mathematical models to identify
patterns and relationships in demand over time. These approaches assume that
historical trends, seasonality, and correlations will persist into the future, making
them useful for generating forecasts based on observed behavior. By modeling the
underlying structure of time series data, statistical methods can capture important
elements such as long-term trends, cyclical variations, and short-term fluctuations.
They are often valued for their interpretability and solid theoretical foundation and
are widely used in industries where historical demand data is available and relatively
stable over time. One of the most well-known and commonly used statistical fore-
casting techniques is the ARIMA model, which will be described in more detail in
the following section.

2.3.1 ARIMA
The AutoRegressive Integrated Moving Average (ARIMA) model is a foundational
statistical method for univariate time series forecasting. It is particularly effec-
tive for series that exhibit autocorrelation and are non-stationary but can be made
stationary through differencing [10]. Hyndman and Athanasopoulos provide a com-
prehensive and practical guide to ARIMA, including parameter estimation, model
diagnostics, and forecasting techniques.

The autoregressive (AR) part of the model assumes the current value of a series
depends linearly on its previous values [10]. For an AR model of order p, denoted
AR(p), the equation is:

yt = ϕ1yt−1 + ϕ2yt−2 + · · · + ϕpyt−p + εt (2.3)

where yt is the value at time t, ϕi are parameters to be estimated, and εt is white
noise.

The integrated part involves differencing the time series d times to remove trends
and achieve stationarity:

y′
t = yt − yt−1 (2.4)

If first-order differencing is insufficient, second-order or higher differencing can be
used. This step is crucial because ARIMA models assume the underlying time series
is stationary [10].

The moving average (MA) part models the future values as a linear combination of
past error terms [10]. An MA model of order q, denoted MA(q), is defined as:

yt = εt + θ1εt−1 + θ2εt−2 + · · · + θqεt−q (2.5)

where εt are the past error terms and θt are the parameters.

7



2. Theory

By combining the autoregressive (AR), differencing (I) and moving average (MA)
components, we obtain the ARIMA(p, d, q) model. It can be written compactly as:

y′
t = c + ϕ1y

′
t−1 + · · · + ϕpy′

t−p + θ1εt−1 + · · · + θqεt−q + εt, (2.6)

This form captures both the autoregressive structure and the moving average of the
noise while accounting for differencing to ensure stationarity. ARIMA models are
widely used due to their interpretability and effectiveness in capturing linear patterns
in time series data. They perform well for short- to medium-term forecasting and are
supported by mature statistical theory [10]. However, they are limited to univariate
series, assume linearity, and struggle with capturing complex seasonal or nonlinear
patterns unless extended (e.g., SARIMA or ARIMAX) [10].

2.4 Machine Learning Methods
Machine learning methods use data-driven approaches to identify complex, nonlin-
ear relationships in demand patterns. These methods leverage large datasets and
advanced computational techniques to improve forecasting accuracy. Machine learn-
ing differs from statistical modeling by not relying on assumptions concerning the
data distribution and the structure. It learns the patterns directly from the data,
which will allow it to capture dependencies and interactions that may be difficult to
model. This makes them particularly useful for dynamic or high-dimensional envi-
ronments where traditional models may fail. Machine learning has been developing
rapidly in the last few years, and the use of these methods has become popular
within demand forecasting because of their flexibility, scalability, and fast learning
to change patterns. The following subsections provide an overview of tree-based en-
semble techniques, including gradient boosting decision trees and their widely used
variants, XGBoost and LightGBM.

2.4.1 Gradient Boosting Decision Tree
Gradient Boosting Decision Trees (GBDT) is a popular ensemble learning technique
employed for high accuracy and efficiency in various machine learning tasks, such
as regression. In a forward stage-wise manner, GBDT constructs an additive model,
where the negative gradients of the loss function, often referred to as residual errors,
are fitted with decision trees iteratively, and the loss function is thereby consistently
minimized over time [11], [12].

The basic principle of gradient boosting is to sequentially train weak learners, typi-
cally decision trees, in a way that each new tree corrects the errors of the previous
ones. Let Fm(x) denote the predicted value of the m-th tree and the final model is
given by the sum of all previous models:

F (x) =
M∑

m=1
Fm(x), (2.7)

8



2. Theory

where M is the number of trees and x represents the feature vector for a given
instance.

The process begins with an initial model F0(x) that is trained by minimizing a loss
function L, which measures the prediction error over a training set of input-output
pairs {(xi, yi)}n

i=1:

F0(x) = arg min
F

n∑
i=1

L(yi, F (xi)) (2.8)

where yi are the true target values and F (xi) are the predicted values.

At each iteration m, the algorithm computes the negative gradient of the loss func-
tion with respect to the current models predictions Fm−1(xi) and fits a weak learner
h(x; am) to pseudo-residuals (ỹi):

ỹi = −
[

∂L(yi, F (xi))
∂F (xi)

]
F =Fm−1

. (2.9)

Then, the model is updated as:

Fm(x) = Fm−1(x) + ν · ρmh(x; am), (2.10)

where ρm is the optimal step size found by minimizing the loss along the direction
of h, and ν ∈ (0, 1] is a learning rate parameter (also called shrinkage), which acts
as a form of regularization. This procedure allows the model to gradually improve
its predictions by moving in the direction that most reduces the loss.

2.4.2 XGBoost
XGBoost (Extreme Gradient Boosting) is a supervised machine learning algorithm
that builds upon the principles of gradient boosting. It was introduced by Chen
and Guestrin (2016) and has gained popularity due to its efficiency, scalability, and
predictive power across various tasks such as classification and regression [13].

2.4.2.1 Objective Function and Regularization Term

XGBoost is based on the gradient boosting framework, where it constructs models
sequentially, with each model attempting to correct the errors made by the previous
one. Unlike traditional GBDT, XGBoost includes a regularization term to prevent
overfitting and encourage simpler models, defined as:

Ω(f) = γT + 1
2

λ
T∑

j=1
w2

j , (2.11)

9



2. Theory

where T is the number of leaves in the tree, wj is the weight of the j-th leaf, γ controls
the complexity of the tree (the number of leaves), and λ is the L2 regularization
term, which penalizes large leaf weights to prevent overfitting [13].

The objective in XGBoost is to minimize a regularized objective function given by:

L(θ) =
n∑

i=1
l(yi, ŷi) + Ω(f), (2.12)

where l(yi, ŷi) is a differentiable convex loss function that measures the difference
between the true value yi and the predicted value ŷi, and Ω(f) is the regularization
term that penalizes model complexity.

2.4.2.2 Optimization Using Second-Order Approximation

XGBoost utilizes a second-order Taylor expansion of the loss function to improve
optimization:

L(t) ≈
n∑

i=1

[
gift(xi) + 1

2
hift(xi)2

]
+ Ω(ft), (2.13)

where gi = ∂l(yi,ŷi)
∂ŷi

is the first derivative (gradient) and hi = ∂2l(yi,ŷi)
∂ŷ2

i
is the second

derivative (Hessian) of the loss with respect to the predicted output. This approxi-
mation allows the algorithm to quickly optimize the objective.

2.4.2.3 Optimal Weight for Each Leaf

To determine the optimal weight wj for each leaf j in the decision tree, the following
formula is used:

w∗
j = −

∑
i∈Ij

gi∑
i∈Ij

hi + λ
, (2.14)

where Ij represents the set of data points assigned to leaf j, and λ is the regu-
larization parameter. The corresponding optimal value after assigning the optimal
weights is:

L∗ = −1
2

T∑
j=1

(∑
i∈Ij

gi)2∑
i∈Ij

hi + λ
+ γT. (2.15)

This formulation is used during tree construction to determine the best structure
and splits.
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2.4.2.4 Advantages and limitations of XGBoost

One of the main advantages of XGBoost is its speed and performance. The algorithm
supports parallelized tree construction, cache optimization, and efficient handling of
missing values, making it well-suited for large-scale data problems [13]. It also
achieves high performance by leveraging both first and second-order derivatives.
Furthermore, XGBoost allows for both L1 and L2 regularization, giving users more
control over model complexity than earlier gradient boosting frameworks [14]. These
features make XGBoost particularly suitable for structured data and competitive ML
tasks.

However, XGBoost is not without limitations. A major drawback is its complexity,
where the large number of hyperparameters can be overwhelming and make model
tuning time-consuming. Moreover, being a tree-based method, it may require many
trees or very deep trees to capture highly complex patterns, increasing computational
demands.

2.4.3 LightGBM
Light Gradient Boosting Machine (LightGBM) is an efficient and high-performance
GBDT framework developed by Microsoft (2017) [15]. It is designed to handle
large datasets efficiently and to reduce memory usage during training. The main
innovation behind LightGBM is its histogram-based approach to constructing deci-
sion trees, which significantly accelerates training and reduces memory consumption.
Furthermore, LightGBM uses a leaf-wise growth strategy instead of the level-wise
growth used in other GBDT algorithms, such as XGBoost.

Implementations of GBDT, including XGBoost, suffer from scalability limitations
in high-dimensional feature spaces and large datasets. This is mainly due to the
high computational costs associated with scanning all data points and evaluating all
possible split points on each feature while constructing decision trees. To tackle these
challenges, LightGBM introduces two novel techniques, GOSS (Gradient-based One-
Side Sampling) and EFB (Exclusive Feature Bundling), which together dramatically
enhance training speed and scalability while preserving accuracy.

2.4.3.1 Leaf-wise Growth Strategy

Unlike traditional gradient boosting methods that split trees level-wise, creating
splits at all nodes at a given level, LightGBM uses a leaf-wise growth strategy. In
this strategy, at each iteration, the algorithm chooses the leaf with the maximum
delta loss to split (see Figure 2.1). This results in a deeper tree with fewer splits
and better fit, as it optimizes the growth of the tree according to the residuals.

The leaf-wise strategy aims to select the split that yields the greatest reduction in
the loss function, given a set of leaves L. The leaf split criterion is therefore chosen
to maximize this reduction in loss, which can be expressed mathematically as:

∆Ll = L(y, F (x)) − L(y, F (x) + ∆Fl) (2.16)
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where ∆Fl represents the change in prediction for leaf l and ∆Ll represents the
reduction in loss from that change.

Figure 2.1: Level-wise and leaf-wise growth strategy [16]

2.4.3.2 Histogram-Based Approach

The histogram-based approach used in LightGBM reduces the number of unique
values in the feature space by bucketing the continuous features into discrete bins.
This reduces computation time and memory usage, as the algorithm only needs to
consider a limited number of bins instead of all the raw feature values. The binning
operation can be mathematically expressed as:

b(xi) = bin(xi, {b1, b2, . . . , bk}) (2.17)

where b(xi) represents the binned value of feature xi, and {b1, b2, . . . , bk} are the
predefined bin edges. This reduces the problem size, especially for high-cardinality
features.

2.4.3.3 GOSS

One of the key innovations that makes LightGBM both fast and accurate is its use of
Gradient-based One-Side Sampling (GOSS) [15]. This technique improves training
efficiency by focusing more on the training examples that the model is currently
predicting poorly. In gradient boosting, each training instance has an associated
gradient that reflects how much error the model is making on that point. Large
gradients mean the model is struggling to fit that instance, while small gradients
indicate the model is already doing well.

GOSS takes advantage of this by keeping top a × 100% instances with large gradi-
ents since they carry more information about what the model still needs to learn.
From the rest, it randomly selects a smaller portion b × 100%. GOSS enhances
the importance of instances with small gradients by amplifying their contribution
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by a constant 1−a
b

to the information gain calculation, helping the model focus on
under-trained examples while preserving the overall data distribution. This allows
the model to train on a reduced set of data without losing important information,
significantly speeding up the process.

2.4.3.4 EFB

An important technique that helps LightGBM train faster without sacrificing accu-
racy is Exclusive Feature Bundling (EFB) [15]. This method is designed to reduce
the number of features the model has to process, especially in high-dimensional
datasets where many features are sparse. In many real-world datasets, particularly
those that include one-hot encoded categorical variables, features often do not take
non-zero values at the same time. These are called mutually exclusive features.
LightGBM takes advantage of this sparsity by bundling mutually exclusive features
together into a single new feature. Since the original features do not overlap in their
non-zero positions, they can be safely combined without losing information. This
reduces the dimensionality of the input data and helps speed up both memory use
and computation.

2.4.3.5 Strengths and Limitations

LightGBM offers several advantages over traditional GBDT methods. First, its
histogram-based approach significantly reduces memory usage and accelerates train-
ing, making it suitable for large datasets. Second, its leaf-wise growth strategy al-
lows for more accurate models with fewer splits. However, the leaf-wise strategy can
sometimes lead to overfitting, especially for small datasets, as it may create deeper
trees. To mitigate this, hyperparameters such as max_depth and num_leaves must
be carefully tuned. Additionally, LightGBM’s complexity makes it less interpretable
than simpler models, like decision trees or linear regression [15].

2.5 Forecasting Evaluation Metrics
Six metrics were chosen to evaluate the performance of the ML models used for
forecasting unconstrained demand. They are Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute
Percentage Error (MAPE). These metrics are widely used in regression tasks and
provide different perspectives on model accuracy and error behavior [17]. In de-
mand forecasting, selecting appropriate evaluation metrics is essential, as they will
influence how models are compared and interpreted. Each of the chosen metrics
captures different aspects of the prediction error, helping to identify models that
not only perform well in general but also handle outliers, scale, and interpretability
in a meaningful way.

The following formulas define each of the evaluation metrics, where n is the total
number of observations, yi is the actual value, ŷi is the predicted value, and ȳ is the
mean of n actual values:
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MSE = 1
n

n∑
i=1

(yi − ŷi)2

RMSE =

√√√√ 1
n

n∑
i=1

(yi − ŷi)2 (2.19)

MAE = 1
n

n∑
i=1

|yi − ŷi| (2.20)

MAPE = 1
n

n∑
i=1

∣∣∣∣∣yi − ŷi

yi

∣∣∣∣∣ · 100% (2.21)

Mean Squared Error (MSE) is a common evaluation metric that calculates the av-
erage of the squared differences between predicted and actual values. Because it
squares the errors, it places greater emphasis on larger mistakes [18], which can be
especially helpful in demand forecasting, where a big deviation in predicting high-
demand items can lead to lost sales or excess inventory. However, one downside of
MSE is that the result is expressed in squared units, which can make it harder to
interpret in real-world terms. It also tends to be sensitive to outliers, sometimes
pushing models to overcompensate for rare large errors at the expense of accuracy
in more typical cases.

Root Mean Squared Error (RMSE) is the square root of the MSE, which brings
the error back to the same unit as the original data. This makes RMSE easier
to interpret while still keeping the benefit of penalizing larger errors more heavily
[18]. In forecasting, RMSE is widely used because it strikes a good balance between
highlighting big errors and remaining understandable. However, like MSE, it can still
be quite sensitive to outliers. This means that while RMSE is good for detecting
large prediction mistakes, it might not always represent the average performance
across all forecasts accurately.

Mean Absolute Error (MAE) calculates the average magnitude of errors without
considering their direction. Unlike MSE and RMSE, MAE treats all errors equally,
which makes it a simpler and more robust metric for when the goal is to understand
overall prediction accuracy without giving extra weight to outliers [18]. In demand
forecasting, MAE provides a clear indication of how far-off predictions are on average,
making it highly interpretable and useful in real-world scenarios. However, its main
limitation is that it does not penalize larger errors more severely, which can be a
drawback in cases where large forecasting mistakes carry higher consequences.

Mean Absolute Percentage Error (MAPE) expresses prediction errors as a percent-
age of the actual values, which makes it easy to interpret and useful for understand-
ing how large the errors are relative to the size of the demand. This is particularly
helpful when comparing forecast accuracy across different products or time periods
that vary greatly in scale [18]. Despite its interpretability, MAPE has notable lim-
itations, where it becomes unreliable when actual values are close to zero, often
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leading to large or undefined error percentages. Another issue is that MAPE tends
to favor models that underpredict rather than overpredict since it penalizes positive
errors (underestimates) less than negative ones (overestimates). This bias can lead
to misleading conclusions when comparing models, as it might make a consistently
underestimating model appear more accurate than one with balanced predictions
[18].
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3
Methods

This chapter explains the data and methods involved in the project. It starts with
an outline of the dataset and preprocessing steps carried out to prepare the data
for modeling, including using feature engineering methods to improve the model
performance. An outline of different forecasting models training procedures will
then follow before a discussion of evaluation metrics used to assess the performance
of the models.

3.1 Data
The data used in this project consists of historical sales records for different products.
It is structured as time series data, organized across several hierarchical levels, in-
cluding market, branch/plant, and multiple product levels. The scope was narrowed
down to a single market and one specific product segment. Within this scope, the
forecasting was carried out at two key levels of granularity, the branch/plant level
and product level 1, which is one of the higher aggregation levels in the product
hierarchy (see in Figure 3.1). Due to the nature of the business, the volume of data
is relatively limited, especially when compared to e-commerce companies that can
track millions of transactions daily. As a result, the smallest feasible granularity for
this project is at the monthly level. Accordingly, all analyses and development of
the models are based on monthly data, which provides a balance between capturing
meaningful trends and having enough data points for making reliable forecasts.

The target variable in this project is a time series representing the number of units
sold based on the requested ship date. This variable reflects customer demand as it
was originally requested and not necessarily when the product was shipped, which
is important for capturing the actual timing of demand. For this project, where
the goal is to forecast unconstrained demand, that is, the demand that would occur
without limitations, the requested ship date helps in estimating such unconstrained
demand by focusing on when customers wanted the products, as opposed to when
the company was able to deliver them.

The available data used in this project spans a 10-year period. However, all instances
in the dataset do not cover the entire time period. The periods for individual
products range from approximately 6 to 10 years, depending on factors such as
market introduction timing.
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Figure 3.1: Tree diagram representing the data

In addition to differences in time span, the products in the dataset also vary in
terms of demand volume and temporal behavior. Based on observed sales patterns,
they can be broadly grouped into low, medium, and high demand categories. These
groupings were considered when selecting representative cases for analysis, as prod-
ucts with different demand volumes often exhibit distinct temporal patterns, vari-
ability, and forecasting challenges. Moreover, the products show diverse time series
characteristics, where some follow relatively stable trends over time, while others
display dynamic behaviors such as seasonality, sudden shifts, or long-term growth
or decline. These variations in both demand volume and structural patterns have
important implications for model performance and guide the choice of appropriate
forecasting approaches.

3.1.1 Preprocessing
The preprocessing stage involved addressing data quality challenges to ensure the
reliability of the forecasting models. First, it was necessary to remove duplicate
rows created by the same product being recorded multiple times as it was shipped
through various intermediate locations before reaching its final delivery destination.
Additionally, a logic was developed to identify the items correctly, which are related
to the selected products, as orders may have multiple components.

Another critical aspect was handling outliers. Although these anomalies do not
necessarily indicate data errors, they can significantly impact model performance if
not properly addressed. For example, a product that is typically ordered fewer than
100 times per month may appear with an unusually high volume, such as 300 units
in a single month, due to one-off external factors.

To improve the reliability of the total units (target variable) and reduce the in-
fluence of extreme or erroneous values, a forecast-based outlier-aware adjustment
method was applied as suggested in [6], Chapter 13. This procedure was performed
individually for each time series in the dataset. First, a simple two-period moving
average forecast was calculated to establish a baseline estimate of expected values
for total units. The forecast error, defined as the difference between the observed
and forecasted values, was then computed for each time point. Assuming that these
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errors follow a normal distribution, their probabilities were estimated using the cu-
mulative distribution function (CDF). Observations with error probabilities falling
outside the central 98% of this distribution (i.e., below 0.01 or above 0.99) were
considered outliers and excluded from further calculations. The remaining errors
were used to recalculate the mean and standard deviation, from which new upper
and lower thresholds were derived using the 1st and 99th percentiles. Finally, the
original total unit values were clipped to fall within these updated bounds, ensuring
that extreme values were adjusted to a reasonable range. All adjusted values were
rounded down to the nearest whole number, and a non-negativity constraint was
applied to avoid negative demand values. This method ensures that the time series
retains its temporal structure while mitigating the impact of anomalies, thereby
supporting more robust model training and evaluation.

3.1.2 Feature Engineering
Though XGBoost and LightGBM are not generally perceived to be for time series
forecasting, these gradient boosting frameworks, built for supervised learning tasks
such as regression and classification, can still be effectively applied to time series
problems through appropriate feature engineering and data transformation.

In the context of time series forecasting, the task is reframed as a supervised re-
gression problem. The target variable represents the future value of the time series,
that is, monthly sales, and the input features consist of lagged values and relevant
covariates. This setup allows models such as XGBoost and LightGBM to learn from
historical patterns and external influences.

A general formulation is given by:

yt = f(yt−1, yt−2, . . . , yt−p, Xt), (3.1)

where yt is the target variable (i.e., demand at time t), yt−1, . . . , yt−p are lagged
observations of the same time series, and Xt includes exogenous variables or calendar-
based features.

The data preparation was carried out with a rolling or expanding window approach
to avoid data leakage and keep the time structure of the problem. Only past data
was used to predict future values, so the models would not have any information
about the future during training. Although the machine learning models used in
this project do not explicitly account for time series components such as trend or
seasonality, they can capture these patterns through proper feature engineering. By
constructing time-based features, such as time lags or calendar-related variables, it
is possible to encode temporal dynamics in a way that allows the models to learn
and account for them during training.

Both XGBoost and LightGBM offer advantages such as handling missing data, be-
ing robust against outliers, and being able to model nonlinear relationships and
complex interactions between features. These properties make them well-suited for
forecasting tasks, especially when classical models struggle with higher-dimensional
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data or nonlinear patterns. Moreover, their popularity in forecasting competitions
(such as the M5 Forecasting Challenge) [19] demonstrates their effectiveness when
combined with careful preprocessing and domain-specific feature engineering.

For these models the following temporal features were used:

• Month of the year: The month of the year is an important feature in captur-
ing seasonal patterns inherent in time series data. Time series often exhibit
periodic behavior tied to the calendar year, and the month variable allows the
model to learn these repeating cycles.

• Year: The year feature captures long-term trends and helps the model under-
stand the evolution of the data over time. Over multiple years, time series data
may reflect structural changes such as shifts in consumer behavior, economic
conditions, or business growth.

• Month of the year cyclical feature: This feature is encoded using sine and
cosine transformations to capture the cyclical nature of months. Such encoding
preserves the continuity between months, ensuring that temporally adjacent
months (e.g., December and January) are treated as closely related. Without
this representation, months would be interpreted as independent categorical
values, potentially leading the model to overlook important seasonal patterns.

For these models the following statistical features features were used:

• 6-15 steps lagged values: Past observations in the time series used to predict
future values. These features help the model capture temporal dependencies
in the data, where the value at a given time is influenced by previous values
(e.g., values from past months)

• {3, 7, 10, 15} steps rolling values: Rolling statistics, such as moving averages
and moving standard deviations, are important for smoothing the time series
and capturing underlying trends.

• Mean, standard deviation, maximum, and minimum values: These descriptive
statistics provide an overall summary of the distribution of values in the time
series. The mean represents the typical level of the data, the standard devia-
tion indicates the variability, and the maximum and minimum values give the
range of observed values.

These statistical features are grouped based on different categories, such as ID,
branch/plant, or hierarchical level. Grouping statistical features in this manner plays
a critical role in enhancing the quality and accuracy of forecasting models. This strat-
ification enables the identification and modeling of localized patterns that may not be
apparent when analyzing aggregated data. For instance, demand behavior can vary
significantly across individual products (IDs), operational sites (branches/plants), or
managerial tiers within a supply chain hierarchy. By recognizing these differences,
the forecasting framework becomes more sensitive to the specific temporal dynamics
and structural variations that exist within each subgroup.
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After completing the necessary preprocessing steps and applying the feature engi-
neering techniques, a comprehensive set of features was constructed to capture the
relevant temporal patterns. These features include both raw variables and derived
attributes designed to improve model performance and interpretability. In total, 47
features were used as inputs for the ML models, which formed the foundation for
the subsequent training and evaluation of the forecasting models.

3.2 Cross-Validation
Cross-validation is a widely used technique for evaluating a model’s forecasting per-
formance. The dataset is divided into several subsets, or folds, and in each iteration,
the model is trained on most of these folds and validated on the remaining one. This
process is repeated several times with different train-validation splits. By averaging
the results across these iterations, cross-validation reduces the risk of heavily biased
evaluations caused by a specific data split, providing a more reliable estimate of the
models ability to generalize to unseen data.

In this project, cross-validation was applied to assess the predictive performance of
the LightGBM and XGBoost models. Both models were trained using their built-
in cross-validation functions, which efficiently handle the process internally. The
dataset was split into four equally sized folds. In each iteration, one fold was held
out as the validation set while the model was trained on the other three. This
process was repeated four times, and the performance results were averaged across
all folds to obtain a final evaluation score.

Using cross-validation was especially important given the variability in data avail-
ability across products. It helped reduce the risk of overfitting and provided a
more reliable basis for comparing the models. Moreover, by leveraging the built-in
cross-validation functions in LightGBM and XGBoost, the process benefited from
optimized performance and consistent handling of model training and evaluation.

3.3 Model Training
Given the limited data size, i.e. few data points per product, the selected forecasting
models are ARIMA, XGBoost, and LightGBM. ARIMA is included as a classical
statistical benchmark, widely used for time series forecasting, and employed by the
company. It was trained using only the historical values of the target variable, which
is the total number of units sold over time. This means the model relies solely on past
observations in the time series to identify patterns such as trends and seasonality.
Unlike more complex machine learning approaches, ARIMA does not incorporate
additional explanatory variables, making it a purely data-driven model based on the
temporal dynamics of the sales history itself.

XGBoost and LightGBM are chosen based on their strong performance in demand
forecasting competitions such as the M5 accuracy competition [19], where most
top-performing teams employed tree-based ensemble methods. While deep learning
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models like DeepAR [20] or Temporal Fusion Transformer (TFT) [21] are popular
in the forecasting literature, these typically require large amounts of high-frequency
data to train effectively. In this project, an initial attempt was made to apply
DeepAR, but the model did not achieve adequate results, likely due to data sparsity
and the complex nature of the demand patterns. Given these limitations, deep
learning approaches were not considered suitable for further development in this use
case. The selected models are trained and evaluated using monthly sales data across
the specified period, with a focus on forecasting accuracy and the ability to handle
limited, structured datasets.

To evaluate different modeling approaches [22] and understand their strengths and
limitations, the following three approaches were tested.

3.3.1 Global Model
The first approach involves training a global model to forecast demand for all selected
products. This setup has the advantage of simplicity and reduced computational
cost, as only one model for different items is trained and maintained. Moreover,
it allows for shared learning across different items, which can be beneficial when
products show similar demand patterns. However, a potential drawback is the loss
of specificity, where the model may not effectively capture the unique behavior of
individual products that have different demand patterns.

3.3.2 Cluster-Based Model
The second approach is a cluster-based model. In this setup, a number of models
are being trained, with each cluster specializing in modeling a particular subset of
the time series data. For instance, one cluster may focus on capturing short-term
fluctuations, another may model long-term trends, and a third could account for
seasonal components.

The cluster-based model strategy involves grouping similar time series into clusters
and training a separate forecasting model for each cluster. This approach leverages
the intuition that time series with similar temporal patterns, e.g., trend, seasonal-
ity, volatility, can benefit from being modeled together. By reducing heterogene-
ity within each group, the model can better learn relevant patterns without being
overwhelmed by noise from unrelated series. This can lead to improved accuracy
compared to purely global models, especially in settings where the data exhibits a
clear substructure.

The main advantages of cluster-based models include better scalability than local
models (fewer models overall) and more flexibility than global models since it is
tailored to groups of similar series. However, their performance depends heavily
on the quality of clustering, i.e. poor clustering can lead to worse forecasts [23].
Additionally, model management becomes more complex than in purely global ap-
proaches, as multiple models must be maintained and monitored, though this is still
less burdensome than maintaining one model per series.
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3.3.3 Local Model
The third approach adopts a local modeling strategy, in which a given model is
trained for each selected instance separately, where one instance is defined as the
product level at which the forecast is performed. This allows for a rather precise
and tailored forecasting model as every model learns the specific time-dependent
characteristics of its instance. It becomes very important in cases when products
exhibit different demand behaviors or in the event that enough data is present for
each item. The main downside of this approach is that it consumes more resources
during computation, and the maintenance overhead will be high because the models
have to be trained, validated, and deployed independently. This approach would
also be prone to overfitting in some instances if the data available is limited.

3.3.4 Hyperparameter Tuning
Hyperparameter tuning was performed using Optuna [24], which is a modern and ef-
ficient hyperparameter optimization framework. It uses Bayesian optimization based
on the Tree-structured Parzen Estimator (TPE) to focus the search on promising
regions of the hyperparameter space, as opposed to grid search, which exhaustively
tests all combinations of fixed grids.

One of Optunas main advantages is that it allows for flexible and dynamic search
space definitions. Additionally, it supports early stopping (pruning) of underper-
forming trials, saving computational resources. These features make Optuna both
more scalable and efficient compared to grid search, which becomes impractical as
the number of hyperparameters increases. In practice, grid search required signif-
icantly more trials to find near-optimal results, many of which were redundant or
uninformative. Optuna achieved equal or better performance in fewer trials, making
it the more practical approach for this project. Being able to use this tool will help
to find not only the best hyperparameters but also the features that will perform
the best for the training dataset.

Optuna was used to tune the hyperparameters of both the XGBoost and Light-
GBM models. The tuning process focused on a set of hyperparameters that are
known to significantly influence model performance. For both models, the follow-
ing hyperparameters were included in the search space: tweedie_variance_power,
learning_rate, n_estimators, subsample, colsample_bytree, lambda, and alpha,
as these control regularization, tree sampling, and overall learning behavior. In ad-
dition, XGBoost-specific parameters such as max_depth and gamma were tuned to
adjust tree complexity and pruning behavior. For LightGBM, num_leaves and
min_child_samples were optimized to control leaf growth and overfitting. A de-
scription of each parameter can be found in Table A.1 in the Appendix.

The tuning process was implemented using a custom objective function for each
model, where Optuna sampled hyperparameters and evaluated their performance
using cross-validation. The evaluation metric used was RMSE, and early stopping
was applied to avoid unnecessary computation. The function returned the lowest
validation RMSE achieved, which Optuna used as the objective value to guide its
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search.

3.4 Evaluation and Comparison
A pipeline for model training and testing was developed using the data, ensuring
that each model is assessed and optimized. The evaluation of the models involves
the metrics MSE, RMSE, MAE and MAPE, which were used to compare the per-
formance of the models. RMSE was chosen as the main evaluation metric because
of its common use in academic research related to demand forecasting. Compared
to some of the other metrics, RMSE retains the same unit as the target variable,
making it easier to interpret in practical terms.

3.5 Tools
The main tools for this project include Python for developing the machine learn-
ing models and conducting data analysis, where libraries such as pandas, NumPy,
and scikit-learn were utilized. For the implementation of the forecasting models,
the xgboost [14] and lightgbm [16] libraries are employed. These libraries provide
flexible APIs for model training and evaluation, as well as built-in cross-validation
functions, which are used in combination with optuna, the hyperparameter optimiza-
tion framework. The project is implemented using the Azure Databricks platform
for data processing, machine learning development, and collaboration. The com-
putation is performed on a configured cluster environment consisting of 1-2 worker
nodes, each with 32-64 GB of memory and 8-16 cores, and a driver node with 28
GB of memory and 8 cores.
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This chapter presents the results of the demand forecasting models developed and
evaluated in the project. The analysis is based on four different product instances,
where each instance represents a time series data of a specific product at a particular
branch/plant. These instances were chosen to reflect a range of demand volumes
and temporal dynamics. Two of the cases represent low-volume demand, where the
number of units sold remains consistently low but with some variability. One of these
shows small spikes in demand during the test period, while the other experiences
a greater spike right at the transition between the training and test periods, which
can challenge the models ability to generalize across time. A third case falls into
the medium-volume category, where demand increases sharply during the middle
of the test period, presenting a more complex forecasting scenario. The final case
represents a high-volume product with frequent sales, selected to illustrate how the
models perform on items with substantial demand. By including these varied cases,
the evaluation offers insights into how well the models adapt to different demands.

For each instance, the forecasting performance of the machine learning models, i.e.,
LightGBM and XGBoost, and the different model approaches, i.e., local, cluster-
based, and global, is compared to a statistical baseline model, ARIMA. The models
are evaluated using the metrics MSE, RMSE, MAE, and MAPE. The results are
summarized in tables for each instance, and visual comparisons of predicted versus
actual values are provided through line plots. The primary focus of this chapter is
to assess how well the machine learning models perform in relation to the baseline
across the different evaluation criteria and to identify any consistent patterns in
model performance across the selected product instances.

4.1 Model Evaluation Scores

The results for each product are presented in separate tables, Table 4.1 to Table 4.4,
where the forecasting models are compared based on their performance in terms
of the evaluation metrics. Each table includes one row per model, along with the
corresponding approach type. The models are listed in ascending order by their
RMSE value, with the best-performing model placed at the top of each table.
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Model Approach Type MSE RMSE MAE MAPE
LightGBM local 3.000 1.732 1.333 50.00
LightGBM global 3.500 1.871 1.833 75.0
ARIMA — 3.500 1.871 1.833 75.0
XGBoost global 3.500 1.871 1.833 125.0
XGBoost cluster-based 4.000 2.000 2.000 125.0
XGBoost local 4.333 2.082 2.000 162.5
LightGBM cluster-based 5.167 2.273 2.167 187.5

Table 4.1: Model Evaluation Metrics for Product 1

Table 4.1 summarizes the forecasting performance of various models for Product 1.
The ARIMA model, used as a benchmark, recorded an RMSE of 1.871, MAE of
1.833, and MAPE of 75.0%. Among all the approaches, LightGBM with a local
modeling approach achieved the lowest error values overall, with an RMSE of 1.732,
MAE of 1.333, and MAPE of 50.0%. LightGBM using a global approach produced
identical results to ARIMA across all metrics, suggesting limited added benefit from
global learning in this case. Similarly, XGBoost with a global configuration matched
the RMSE and MAE of ARIMA and LightGBM (global) but showed a higher MAPE
of 125.0%. The cluster-based models for both XGBoost and LightGBM produced
higher errors, with RMSE values of 2.000 and 2.273, and MAPE values of 125.0%
and 187.5%, respectively. XGBoost using a local modeling approach had the highest
RMSE (2.082) among all non-cluster methods and a MAPE of 162.5%, indicating
challenges in capturing the underlying patterns for this product.

Model Approach Type MSE RMSE MAE MAPE
XGBoost local 2.833 1.683 1.500 50.0
LightGBM cluster-based 3.333 1.826 1.667 66.7
LightGBM global 4.833 2.198 1.833 75.0
LightGBM local 5.167 2.273 1.833 75.0
XGBoost global 5.833 2.415 2.167 83.3
XGBoost cluster-based 6.167 2.483 2.167 50.0
ARIMA — 102.333 10.116 10.000 466.7

Table 4.2: Model Evaluation Metrics for Product 2

Table 4.2 presents the forecasting performance of different modeling approaches
for Product 2, illustrating a clear advantage of machine learning models over the
ARIMA baseline. ARIMA produced significantly higher error scores, with an RMSE
of 10.116, an MAE of 10, and an exceptionally high MAPE of 466.7%. In contrast,
XGBoost using a local modeling approach achieved the best overall performance,
recording the lowest RMSE of 1.683, MAE of 1.500, and MAPE of 50.0%. LightGBM
with a cluster-based approach followed, with slightly higher error values, RMSE of
1.826, MAE of 1.667, and MAPE of 66.7%.
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The performance of LightGBM and XGBoost global models showed increased errors
relative to their local and cluster-based counterparts, respectively. LightGBM in
global mode recorded an RMSE of 2.198 and MAPE of 75.0%, while XGBoost global
performed slightly worse with an RMSE of 2.415 and MAPE of 83.3%. Interestingly,
XGBoost with a cluster-based setup showed mixed results. Although it had higher
RMSE and MAE (2.483 and 2.167, respectively), it achieved the same MAPE score
(50.0%) as the best-performing local model, indicating strong performance in relative
error terms despite absolute deviations.

Model Approach Type MSE RMSE MAE MAPE
LightGBM cluster-based 4.667 2.160 1.667 33.3
LightGBM global 6.500 2.550 1.833 28.1
ARIMA — 7.500 2.739 1.833 27.1
XGBoost cluster-based 8.334 2.887 2.333 50.0
LightGBM local 8.667 2.944 2.333 40.6
XGBoost global 9.500 3.082 2.500 49.0
XGBoost local 10.000 3.162 2.667 65.6

Table 4.3: Model Evaluation Metrics for Product 3

Table 4.3 presents the performance metrics for forecasting models applied to Product
3. The LightGBM model with a cluster-based approach achieved the lowest MSE
(4.667), RMSE (2.160), and MAE (1.667). In terms of MAPE, the lowest value was
recorded by ARIMA (27.1%), followed closely by LightGBM with a global approach
(28.1%). The XGBoost models showed higher error metrics across all configurations.
The local variant reported the highest MSE (10.000), RMSE (3.162), MAE (2.667),
and MAPE (65.6%). The global and cluster-based variants of XGBoost also yielded
higher errors compared to the LightGBM configurations. Among the LightGBM
variants, the local model reported higher RMSE (2.944) and MAE (2.333) than the
global and cluster-based versions. All models except ARIMA were outperformed by
at least one LightGBM variant in MSE, RMSE, or MAE.

Model Approach Type MSE RMSE MAE MAPE
LightGBM global 152.500 12.349 10.500 18.0
XGBoost global 238.000 15.427 13.667 24.0
XGBoost cluster-based 253.333 15.916 10.667 19.4
LightGBM cluster-based 301.667 17.369 15.667 24.1
LightGBM local 775.667 27.851 25.000 43.4
XGBoost local 941.167 30.678 25.833 50.3
ARIMA — 1250.667 35.379 31.000 42.5

Table 4.4: Model Evaluation Metrics for Product 4

Table 4.4 summarizes the evaluation metrics for forecasting models applied to Prod-
uct 4. The best overall performance was achieved by the LightGBM model using
a global approach, which obtained the lowest error scores across all metrics, i.e.,
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MSE (152.500), RMSE (12.349), MAE (10.500), and MAPE (18.0%). XGBoost
with a global approach followed, with an MSE of 238.000, RMSE of 15.427, MAE of
13.667, and MAPE of 24.0%. The cluster-based XGBoost model recorded an MSE
of 253.333, RMSE of 15.916, MAE of 10.667, and MAPE of 19.4%, while LightGBM
with a cluster-based approach showed slightly higher errors across all metrics.

Local approaches for both LightGBM and XGBoost reported substantially higher
error values. LightGBM local presented an MSE of 775.667, RMSE of 27.851, MAE
of 25.000, and MAPE of 43.4%. The XGBoost local approach had the highest errors
with an MSE of 941.167, RMSE of 30.678, MAE of 25.833, and MAPE of 50.3%.
ARIMA demonstrated the largest errors overall, with an MSE of 1250.667, RMSE
of 35.379, MAE of 31.000, and MAPE of 42.5%.

4.2 Comparison of Predicted and Actual Values
Figures 4.1 to 4.4 present the predicted versus actual values for each product across
the end part of the training periods and the whole test periods, allowing for visual
evaluation of model performance beyond quantitative error metrics. These plots
offer insights into how well each model captures temporal patterns, responds to
shifts in demand, and handles volatility.

In Figure 4.1, most models exhibit some ability to track the trend during the training
phase for Product 1. During the test period, the local LightGBM model (green
line) stands out with predictions that follow the actual values closer than the other
model predictions. In contrast, alternative models, such as ARIMA, cluster-based
XGBoost, global XGBoost, and global LightGBM, exhibit limited variation during
the test period, where they fail to adapt to the actual changes in demand. Their
predictions tend to be quite flat or weakly responsive when fluctuations occur. This
behavior suggests that these models lack the granularity needed to capture product-
specific or local-level trends. The cluster-based LightGBM model and local XGBoost
model show some responsiveness to changes in demand, but they tend to both over-
and under-react at different times, lagging behind actual demand and failing to
capture peaks accurately.

Figure 4.1: Actual and prediction values for Product 1
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Figure 4.2 for Product 2 reveals that none of the models are able to closely track the
actual values, shown by the black line. While most models manage to capture the
timing of the peak at the train-test split, they struggle to reach the magnitude. In-
stead of adapting to shifts, the predictions from most models follow a similar pattern,
where they flatten out and fail to reflect the real fluctuations in demand for the test
period. This visual similarity makes it difficult to clearly distinguish which model
performs the best, even though the evaluation metrics suggest some differences. The
ARIMA model (blue line) is particularly noticeable for its overestimation and flat
behavior throughout the test period.

Figure 4.2: Actual and prediction values for Product 2

In Figure 4.3 for Product 3, the test period includes a distinct demand spike. The
cluster-based LightGBM model (yellow line) manages to follow the general trend
and some turning points of the actual demand (black line) in some way, including
the timing of the largest spike and the subsequent drop. Although it underestimates
the height of the spike, it seems to outperform the other models by following the
shape and dynamics of the demand better. The remaining models either flatten out
(i.e., ARIMA) or fail to capture the timing of the changes.

Figure 4.3: Actual and prediction values for Product 3
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Figure 4.4 exhibits the actual and predicted values for Product 4. For this product,
the global LightGBM model (red line) seems to provide the relatively best forecast
during the test period, where it follows the actual sales pattern closer than the
others overall. The global XGBoost model follows a similar trend, but is more often
further away from the actual values. The cluster-based XGBoost model is smoother
than the global models, and the cluster-based LightGBM fails to catch the trends
and timings. Other models either underestimate the actual values, as seen with
ARIMA, or consistently overshoot them, as observed in the predictions from both
local models.

Figure 4.4: Actual and prediction values for Product 4

4.3 Feature Importance
To better understand the behavior of the trained models, feature importance analysis
was conducted for both LightGBM and XGBoost models across all three modeling
approaches. This analysis was not applied to the ARIMA model, as its forecasts are
based solely on the historical sales time series without incorporating any external
features.

Gain-based importance was used to evaluate the relative contribution of each feature
to the models predictive performance. The gain metric reflects the total improve-
ment in the loss function brought by splits involving a particular feature. Features
with higher gain are considered more influential in the models decision-making pro-
cess.

The features were grouped into five groups in terms of their nature. The names and
descriptions of the groups can be seen in Table 4.5. For the analysis, Table 4.6 shows
the top 5 features for each model in terms of the gain-based importance, where the
columns represent the order of the importance and the rows are for the models. The
fields in Table 4.6 are colored in accordance to the colors for each feature group from
Table 4.5.
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Feature group Description Color
Static information Features that do not change over time, such as site or

product identifiers
Yellow

Time features Calendar-based features like week, month, year, or
their cyclical encodings

Red

Lag features Past values of the target variable, shifted by a fixed
number of time steps

Green

Rolling statistics Aggregated values (mean, std) computed over a mov-
ing window of previous time steps

Blue

Encoded aggregates Statistical encodings (mean, std, max, min) computed
per group (e.g., branch/plant or product level) over
the training data

Purple

Table 4.5: Feature groups with descriptions and colors
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Top 1 Top 2 Top 3 Top 4 Top 5
LightGBM
global

encoded mean for
product level

encoded std for
product level

encoded max for
product level

encoded std for
branch/plant &
product level

total units lag-
ging by 6 months

XGBoost global encoded max for
product level

encoded mean
for branch/plant
& product level

product level 3 months
rolling mean
for branch/plant

encoded min for
product level

LightGBM
cluster-based

encoded std for
product level

encoded std for
branch/plant &
product level

3 months
rolling mean
for branch/plant
& product level

total units lag-
ging by 6 months

7 months
rolling std
for branch/plant
& product level

XGBoost
cluster-based

encoded mean for
product level

product level encoded min for
product level

3 months
rolling mean
for branch/plant
& product level

encoded std for
product level

LightGBM local
Product 1

total units lag-
ging by 7 months

15 months
rolling std for
branch/plant &
product level

total units
lagging by 11
months

cos of week 7 months
rolling mean
for branch/plant
& product level

LightGBM local
Product 2

7 months
rolling std
for branch/plant
& product level

total units
lagging by 13
months

cos of week 10 months rolling
std branch/plant
& product level

total units
lagging by 11
months

LightGBM local
Product 3

15 months
rolling mean for
branch/plant &
product level

15 months
rolling std for
branch/plant &
product level

month year week

LightGBM local
Product 4

7 months
rolling mean
for branch/plant
& product level

week cos of month total units lag-
ging by 9 months

year

XGBoost local
Product 1

total units lag-
ging by 7 months

total units lag-
ging by 8 months

week 7 months
rolling mean
for branch/plant
& product level

15 months
rolling std for
branch/plant &
product level

XGBoost local
Product 2

10 months
rolling std for
branch/plant &
product level

total units
lagging by 13
months

10 months
rolling mean for
branch/plant &
product level

15 months
rolling std for
branch/plant &
product level

15 months
rolling mean for
branch/plant &
product level

XGBoost local
Product 3

15 months
rolling mean for
branch/plant &
product level

10 months
rolling mean for
branch/plant &
product level

7 months
rolling mean
for branch/plant
& product level

15 months
rolling std for
branch/plant &
product level

cos of month

XGBoost local
Product 4

15 months
rolling std for
branch/plant &
product level

cos of month 15 months
rolling mean for
branch/plant &
product level

week 10 months
rolling mean for
branch/plant &
product level

Table 4.6: Top 5 feature for the models according to gain-based importance scores
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The results of this study provide evidence that model configuration, product hierar-
chy level, and the incorporation of temporal features impact forecasting performance
across a diverse set of products. Through both quantitative error metrics and visual
inspection of forecast plots, distinct patterns emerged regarding model accuracy
and behavior. The performance varied across products, reflecting the interaction
between model complexity and data characteristics.

5.1 Benchmark vs. ML-based Models
ARIMA is one of the models used by the company and therefore, was used as a
benchmark forecasting model. However, the results of this study show that alterna-
tive approaches, particularly GBDT models such as LightGBM and XGBoost, offer
substantial improvements. To quantify these gains, ARIMA’s performance is com-
pared to the best-performing model for each product, using RMSE as the basis for
comparison. RMSE was chosen for its interpretability, as it expresses forecast errors
in the same units as the predicted variable, making it more actionable in a business
context.

5.1.1 Product 1
For Product 1, LightGBM with a local modeling approach demonstrated the best
performance across all evaluation metrics, indicating its ability to capture local
patterns in the data. This was also reflected in the prediction plot (Figure 4.1),
where the model was able to follow the actual trend more closely than the other
models and accurately captured the volume of a sharp increase in demand during
the test period.

The global models for XGBoost and LightGBM achieved the same RMSE and MAE
scores as the ARIMA model, but XGBoost performed slightly worse in terms of
MAPE. Interestingly, both ARIMA and LightGBM produced identical predictions
for the test period, maintaining a constant forecast throughout. In contrast, XG-
Boost introduced some variation in its predictions, which at times brought it closer
to the actual values and other times further away. This may explain the higher
MAPE, as the percentage error is more sensitive to deviations when actual values
are low. The similarity in RMSE and MAE suggests that all three models had
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comparable average error magnitudes, but XGBoost’s fluctuations likely introduced
more relative error, which MAPE captures. These differences may arise from how
each model handles global patterns, with LightGBM and ARIMA producing stable
estimates, whereas XGBoost attempted to adapt to variations in the data.

The cluster-based and local XGBoost variants exhibited higher errors. While they
achieved the same MAE score, their RMSE values differed slightly, with the local
model performing marginally worse. Despite similar overall error magnitudes, the
two models differ noticeably in their predictions of the trend. The local model
produced more variation in its predictions, attempting to follow the actual demand
pattern, although not with great accuracy. In contrast, the cluster-based model
predicted nearly constant values throughout the test period, with only one point
showing any deviation. This suggests that the cluster-based model failed to capture
the product-specific dynamics, while the local model attempted to adapt to the
trend but lacked precision.

The cluster-based LightGBM model showed the weakest performance among all
approaches. It failed to follow the actual demand trend during the test period,
noticeably overpredicting in response to a minor change in demand and underpre-
dicting during a small spike. This indicates that the model struggled to generalize
effectively at the cluster level for this specific product. One possible reason is that
grouping the product with others in the same cluster may have diluted important
product-specific signals, leading to less accurate predictions.

5.1.2 Product 2

In the case of Product 2, the superiority of machine learning approaches over ARIMA
became more pronounced. XGBoost using a local modeling strategy recorded the
lowest error values, underscoring its strength in capturing complex, product-specific
demand patterns. Although the local XGBoost model is ranked highest based on
the metrics, its predictions look very similar to those of the other ML models in
Figure 4.2. This suggests that its better performance might come from smaller
improvements at specific points, such as avoiding large over- or under-predictions,
rather than a fundamentally better ability to follow the overall trend compared to
the other models.

Following the top-performing XGBoost local model, the three LightGBM models,
that are cluster-based, global, and local, ranked next in terms of RMSE, in that order.
While the cluster-based variant had the lowest RMSE among the LightGBM models,
it also outperformed the global and local versions in terms of MAE and MAPE. On
the other hand, the global and local LightGBM models performed equally well based
on MAE and MAPE. This consistency across configurations suggests that LightGBM
was able to produce relatively stable predictions regardless of the modeling approach.
However, the slightly better performance of the cluster-based model may indicate
that grouping products by shared characteristics helped this type of model capture
some localized patterns better without overfitting.
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The two remaining XGBoost models, global and cluster-based, performed worse than
all LightGBM models, indicating possible limitations in their ability to generalize or
adapt effectively to the characteristics of Product 2. In terms of RMSE, the global
model performed slightly better than the cluster-based model, though both models
had the same MAE score. Notably, the global XGBoost model had the highest
MAPE score of all models, indicating that it struggled the most with proportional
accuracy, especially on lower demand values. In contrast, the XGBoost cluster-
based model, while worse in RMSE, matched the best-performing model in terms of
MAPE. This outcome may suggest that the cluster-based model was able to better
estimate relative changes in demand for this product, but its absolute errors were
still significant.

Lastly, the ARIMA model showed the weakest performance among all models for
Product 2. In Figure 4.2, its predictions appear flat and unresponsive to the changes
in actual demand during the test period. This behavior aligns with its nature as
a univariate, time-series model that does not leverage other variables. As a result,
ARIMA is less capable of capturing shifts in demand.

5.1.3 Product 3
For Product 3, the cluster-based LightGBM model demonstrated the best perfor-
mance across the MSE, RMSE, and MAE metrics, although it did not achieve the
lowest MAPE score. In Figure 4.3, this model shows a better ability to follow the
general trend of the actual values compared to the other models. However, while
it captures the direction and timing of changes relatively well, it struggles with ac-
curately predicting the magnitude, underestimating the size of the demand spike
during the test period. This suggests that although the model can identify when de-
mand is likely to increase or decrease, it may be less sensitive to extreme variations
in volume.

The next best-performing models are the global LightGBM model and the ARIMA
model, in that order based on RMSE. Despite their differences in RMSE, both
models share the same MAE score, indicating similar average absolute errors. In-
terestingly, ARIMA achieved the lowest MAPE among all models, while the global
LightGBM model also outperformed the cluster-based variant in terms of MAPE.
This suggests that although ARIMA may struggle with reducing absolute prediction
errors, it remains relatively accurate when errors are evaluated in proportion to ac-
tual values. In Figure 4.3, ARIMA predicts a flat, constant value throughout the
test period, which helps explain its stable relative error performance. On the other
hand, the global LightGBM model attempts to follow the fluctuations in demand
but fails to align with the actual trend, potentially due to the challenge of learning
diverse product behaviors within a single model.

All remaining models, including the XGBoost variants (cluster-based, global, and lo-
cal) and the local LightGBM model, performed worse than the ARIMA benchmark
in terms of RMSE. Among them, the XGBoost cluster-based model had the lowest
RMSE, followed closely by the local LightGBM model, but they shared the same
MAE score. The global and local XGBoost models followed, with the local variant

35



5. Discussion

performing the worst across all metrics. When evaluating MAPE, the local Light-
GBM model achieved the best relative performance among this group, followed by
the XGBoost global, cluster-based, and finally, the local model. Notably, all Light-
GBM models performed better in terms of MAPE and had equal or better MAE
scores compared to the XGBoost models. In Figure 4.3, these models failed to ac-
curately follow the true demand trend, although their predictions did vary across
the test period. These results suggest that the models may have overfit or strug-
gled to generalize due to less relevant training patterns for this particular product.
Additionally, the lower performance of the local and XGBoost models could be due
to challenges in capturing the demand signal, especially when handling irregular
patterns or sudden demand spikes.

5.1.4 Product 4
For Product 4, the results indicate that the modeling approach, whether global,
cluster-based, or local, plays a significant role in model performance. Among these,
the global models outperformed the others in terms of RMSE, followed by the cluster-
based models, and lastly, the local models. The best-performing model for Product
4 was the global LightGBM model, which achieved the lowest scores across all eval-
uation metrics. In Figure 4.4, this model remained relatively close to the actual
values throughout the test period, although it did not fully capture the underlying
trend. Its consistent performance suggests that the global approach leveraged shared
patterns across multiple products, helping to generalize better to unseen data.

The second-best model in terms of RMSE was the global XGBoost model, which
followed a similar prediction pattern as the global LightGBM model in Figure 4.4.
However, it had worse MAE and MAPE scores compared to the cluster-based XG-
Boost model. The cluster-based XGBoost and LightGBM models ranked third and
fourth, respectively. While the cluster-based XGBoost model produced smoother
predictions, it still lagged behind the global models in terms of accuracy. The
cluster-based LightGBM model struggled to capture both the trend and timing of
changes in demand, which likely impacted its overall performance.

The local models for both LightGBM and XGBoost were among the worst-performing
in this case. Both overshot the actual demand during the test period. The local
LightGBM model produced a large spike that did not align with the true demand
values, suggesting potential overfitting to noise in the training data. On the other
hand, the local XGBoost model failed to adapt to variations in the data, showing
limited volatility in both the training and test periods. This behavior indicates un-
derfitting, likely caused by insufficient information in the local dataset for effective
learning.

The ARIMA model showed the weakest performance in terms of RMSE and MAE.
However, it achieved a better MAPE score than the local models. In Figure 4.4,
ARIMA consistently underpredicted the demand throughout the test period. This
may help explain its relatively better MAPE score, as MAPE tends to penalize
overpredictions more heavily than underpredictions. These results highlight the
limitations of relying only on MAPE for model evaluation.
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5.2 Feature Importance Analysis
To gain deeper insight into the behavior and decision-making processes of the differ-
ent models, a feature importance analysis was conducted, focusing on the top five
most influential features identified for each modeling approach and their correspond-
ing feature groups. For the local models, the most important features are mainly
rolling statistics, lag, and time features (see in Table 4.6). The rolling statistical
features for the mean and standard deviation appear frequently, suggesting that
smoothing local fluctuations over different time windows is beneficial for capturing
short-term trends in demand at the individual product level. The lag features indi-
cate a strong reliance on autoregressive signals, where past demand contributes to
future demand predictions. The time-based features play a critical role in capturing
calendar-related seasonality and periodic trends in the data. When such features
are identified as important by the model, it indicates that temporal patterns signif-
icantly influence the target variable.

In contrast, the global and cluster-based models assign the highest importance to
encoded aggregates, followed by static information features. For example, features
for standard deviation or maximum units based on product level and branch/plant
capture how much demand varies or how high it can get for the combination. These
kinds of features act as proxies for the underlying demand behavior across different
products. Their influence in the global and cluster-based models highlights the
importance of capturing variation between the products, especially when one model
is used to make predictions for many different products. Additionally, some rolling
statistics and lag features emerge among the top 5 features, typically in the third to
fifth position. This suggests that while temporal dynamics play a meaningful role,
they are generally secondary to the aggregated and static characteristics in driving
model performance for the global and cluster-based models.

5.3 Implications
While often considered a strong baseline for time series forecasting, ARIMA generally
ranked in the middle or bottom among the evaluated models for the four products,
often placing around third or last out of seven. The lack of flexibility for the ARIMA
model in capturing nonlinear patterns may explain its inconsistent performance
relative to gradient boosting methods.

When examining the best-performing models in relation to the volume group of
each product, a clear pattern emerges. Products with low-volume demand (Prod-
uct 1 and Product 2) achieved the best results using local models, suggesting that
individualized modeling helps capture the unique patterns of such products more ef-
fectively. For medium-volume demand (Product 3), the cluster-based model yielded
the best performance, indicating that grouping similar products can strike a bal-
ance between individual variation and shared demand structure. In contrast, for
high-volume demand (Product 4), global models performed best, likely due to their
ability to generalize well and benefit from larger amounts of data to capture broader
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patterns.

This distinction in model performance is also reflected in the feature importance
analysis. For low-volume products, features like rolling statistics, lag variables, and
time-based features were most influential, likely because these features help detect
short-term fluctuations and seasonality, which are more pronounced in low-volume
series. On the other hand, for medium- and high-volume products, features such
as encoded aggregate features and static information played a more significant role,
likely because these products benefit from consistent trends and richer contextual
information captured at the branch/plant and product level.

These findings suggest that no single modeling approach performs best across all
products. Instead, the choice of the model approach should be tailored to the specific
characteristics of the product, particularly its demand volume and data distribution.
Products with different demand volume benefit from different modeling approaches
and rely on distinct types of features, indicating that both model structure and
feature engineering need to be adapted accordingly.
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In summary, this study demonstrates that machine learning techniques can enhance
forecasting accuracy compared to traditional models (Section 5.1). Features influ-
encing demand results were identified (Section 5.2). Additionally, the evaluation
revealed that global models offer scalable and flexible forecasting capabilities, al-
though their performance varies depending on product characteristics compared to
local and cluster-based models (Sections 5.1 and 5.3).

This study evaluated the forecasting performance of various statistical and machine
learning models, specifically ARIMA, LightGBM, and XGBoost, across four different
products using multiple modeling approaches, including global, local, and cluster-
based. The results demonstrate that the effectiveness of each method is highly
dependent on the specific characteristics of the product being forecasted.

In general, machine learning models outperformed ARIMA, especially in terms of
RMSE and MAE, highlighting their ability to capture complex, non-linear patterns
in the data. However, no single modeling approach was universally optimal. Local
models performed best for Products 1 and 2, where individualized patterns likely
dominated. For Product 3, cluster-based LightGBM offered superior performance,
suggesting benefits from grouping similar time series. Product 4, in contrast, favored
a global LightGBM model. As shown in Figure 4.4, this model effectively captures
the two-peak pattern in the data and preserves the overall dynamics within con-
sistent upper and lower bounds. Therefore, LightGBM consistently outperformed
XGBoost across most products, highlighting its strength in managing diverse pat-
terns in the data.

These findings underscore the importance of adopting a flexible, data-driven mod-
eling strategy tailored to the characteristics of each forecasting scenario. Local
models tend to perform better when forecasting products with low demand, as they
can more precisely capture product-specific patterns. In contrast, global models
often perform better for products with higher demand, offering the added benefits
of reduced model maintenance and better scalability. Moreover, while cluster-based
approaches can offer performance gains, their success is contingent on appropriate
cluster formation. Ultimately, careful evaluation of error metrics, both absolute
and relative, should guide model selection, especially when dealing with products
exhibiting high variability or sparse data.
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6.1 Future Work
This work lays the foundation for a more advanced forecasting pipeline and pro-
vides empirical support for replacing the current traditional methods with modern
machine learning approaches. Future research may explore integration with down-
stream planning systems to further elevate forecasting performance.

While this study primarily focused on time-based patterns, approach type and model
architecture, there is significant potential to improve forecast accuracy through the
integration of external and contextual features. Future research should explore the
inclusion of additional variables that are known to influence demand, such as:

• Product prices: Changes in price often affect customer purchase behavior
and should be modeled to account for price elasticity.

• Discounts and promotions: Temporary sales campaigns and discounts can
cause demand spikes that time-based models alone cannot anticipate.

• Customer data: Features such as customer segment, loyalty status, or re-
gional purchasing trends can provide deeper insight into demand drivers.

Incorporating these features would enable the models to move beyond pure time
series forecasting and toward context-aware predictive modeling, potentially improv-
ing responsiveness and precision even further. This would support more accurate
planning in environments affected by marketing activities, competitive pricing, or
changing customer behavior, and would bring the forecasting system closer to real-
world complexity and decision-making needs.

6.2 Limitations
While this study demonstrates improvements in forecast accuracy using machine
learning, several limitations should be acknowledged:

• Sensitivity to Economic Shocks: Although the models were trained on his-
torical data, including periods of volatility such as the COVID-19 pandemic,
their performance in future periods of economic disruption (e.g., recessions,
supply chain crises, or major policy shifts) remains uncertain. Large, unfore-
seen changes in economic conditions could significantly reduce model reliabil-
ity.

• Limited Feature Scope: The models were trained using only features de-
rived from historical sales data. Excluding external variables like pricing, pro-
motions, and customer characteristics limits the models ability to capture
real-world demand drivers.

• Narrow Product and Market Coverage: The evaluation was conducted
on a limited set of products and markets. Results may vary when applied to
a broader range of products, especially those with highly irregular or sparse
demand patterns.
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• Cold Start for New Products: The models rely heavily on historical sales
data. For new or recently launched products with little or no sales history, the
models may not perform well, limiting their usefulness in product introduction
or lifecycle planning.
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A
Appendix 1

Table A.1: Description of hyperparameters used for XGBoost and LightGBM models

Hyperparameter Model(s) Description

tweedie_variance_power Both Controls the variance of the
Tweedie distribution.

learning_rate Both Shrinks the contribution of each
tree, which helps with model gen-
eralization (also called eta).

n_estimators Both Number of boosting rounds or
trees to be built.

subsample Both Fraction of training instances ran-
domly sampled for each tree (con-
trols overfitting).

colsample_bytree Both Fraction of features randomly
sampled for each tree.

lambda (reg_lambda) Both L2 regularization term on weights,
which helps prevent overfitting.

alpha (reg_alpha) Both L1 regularization term on weights,
which promotes sparsity in the
model.

max_depth XGBoost Maximum tree depth, which lim-
its model complexity and controls
overfitting.

gamma XGBoost Minimum loss reduction required
to make a split (pruning control).

num_leaves LightGBM Maximum number of leaves per
tree, which is the main parame-
ter for controlling complexity in
LightGBM.

min_child_samples LightGBM Minimum number of samples re-
quired to create a new leaf node,
which prevents overfitting.
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