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Abstract

This project explored the application of machine learning models to analyze and fore-
cast sales performance using internal transaction data from Derome, a Swedish com-
pany. The study implemented clustering, classification, and regression techniques to
build interpretable, high-performing prototypes aimed at enhancing decision-making
and revenue forecasting.

For clustering, k-means was applied to annual aggregates of product groups based
on sales volume and outcome. Using the elbow method, three distinct performance
tiers were identified, validated by a high silhouette score of 0.89. These tiers were
assigned to transactions and used as labels in a classification task. Among the
evaluated models, a decision tree classifier achieved the highest accuracy of 85.86%
on unseen data for the year 2024 and outperformed a strong baseline classifier.
Feature importance analysis revealed that the supplier was the most influential factor
in predicting a transaction’s associated performance tier.

Regression modeling focused on predicting monthly sales using two approaches:
forecasting based on individual transaction-level predictions, and direct forecasting
from aggregated historical data. Extreme gradient boosting regressor demonstrated
the best overall performance, achieving a mean absolute percentage error (MAPE)
of 8.96% between the predicted and true values for 2024 using the second approach.
It was also used to forecast 2025 sales, achieving a MAPE of 8.07% when compared
to the company’s predicted revenue for that year, indicating strong alignment with
business expectations.

Despite limitations such as a restricted hyperparameter search, exclusive reliance
on internal data, and initial gaps in domain knowledge, the project successfully de-
livered functional prototypes. These systems provide a foundation for future de-
velopment and demonstrate the practical value of machine learning in improving
business forecasting and decision-making.

Overall, the project met its objectives by uncovering customer behavior patterns,
optimizing internal workflows through machine learning, and supporting pricing and
strategic planning with interpretable, data-driven models.

Keywords: classification, clustering, customer behavior, decision tree, k-means,
machine learning, pricing strategy, regression, sales forecasting, XGBoost
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Nomenclature

Below is the nomenclature of indices, parameters, and variables that have been used
throughout this thesis.

Indices

max
min

norm

Parameters

o

Variables

FN
FpP
MAFE
MAPE
MSE

Index for an instance
Index of the maximum value
Index of the minimum value

Index for the normalized value

Subset coefficient of K-fold cross-validation
Number of clusters in K-means algorithm

Total number of instances in the dataset

The mean of the dataset

The standard deviation of the dataset
F1-score

False negative

False positive

The mean absolute error

The mean absolute percentage error
The mean squared error

Precision
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xii

Recall

True positive

A feature’s original value

A maximum value of a feature

A minimum value of a feature
The value of the normalization
The actual value for instance @
The predicted value for instance i

The standardized value
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1

Introduction

This chapter provides an overview of the collaborating company, outlines the project’s
purpose and objectives, discusses its limitations, and explains the approach to source
validation.

1.1 Derome

Derome is a family-owned business that prioritizes long-term sustainability, innova-
tion and responsibility. The company has approximately 2,500 employees and has
an annual revenue of around 10 billion Swedish kronor (SEK). Derome is Sweden’s
largest family-owned company in the wood industry. Founded in 1946 by Karl-
Eric Andersson, the company is now managed by the third generation. Derome
transforms raw materials from the forest into building components for homes and
renewable energy solutions [1].

This project was conducted in collaboration with Derome to develop a machine
learning prototype aimed at optimizing the company’s pricing strategies. To enhance
operational efficiency, Derome is exploring the integration of artificial intelligence
(AI) and machine learning (ML) into its business intelligence (BI) system to refine
pricing strategies. The increasing availability of AI and machine learning technolo-
gies presents an opportunity for Derome to leverage these technologies to improve
pricing precision, adaptability, and market responsiveness.

1.1.1 AI and Machine Learning in Industry

Businesses across different industries are increasingly adopting and implementing
AT and machine learning to improve operational efficiency, optimize workflows, and
increase profits. A key focus is the development of machine learning models for
pricing strategies. By integrating Al and machine learning models, many companies
aim to enhance competitiveness, reduce costs, and create more intelligent business
systems |[2].

Dynamic pricing is one of the existing pricing strategies. According to Nowak
and Pawlowska-Nowak [2], this method adjusts the price of the product depending
on customer behavior, competitor pricing, and market dynamics. Examples of in-
dustries applying dynamic pricing strategies are airlines, e-commerce, hotels, and
transportation. In addition, it has been shown to be successful and beneficial for
both the company and the customer. In the case of an e-commerce company like
Amazon, where there is an enormous amount of products, dynamic pricing strate-
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gies are used to maximize revenue. Amazon has implemented an automatic pricing
system that updates prices every 15 minutes [3].

Various artificial intelligence and machine learning models can be implemented
to support pricing strategies in companies. For dynamic pricing, algorithms such
as decision trees, the k-nearest neighbor (k-NN) algorithm [2], and regression mod-
els [4] are commonly applied. A relevant study is that of Nowak and Pawlowska-
Nowak [2] which evaluated decision trees for dynamic pricing and discussed their use
in e-commerce, noting that they are easy to interpret and therefore understandable
to managers. However, they can be prone to overfitting, especially when working
with small datasets. The study itself had limitations, including a limited dataset
size and a lack of variability. These findings underline the importance of carefully se-
lecting and validating algorithms when applying them to real-world dynamic pricing
problems.

1.2 Purpose and Objectives

The purpose of this project is to examine and develop machine learning model pro-
totypes. The goal is to support the optimization of pricing strategies within the
company by generating insights from internal data that inform strategic business
decisions. The following key objectives will be addressed during the project:

1. Identify patterns and anomalies in customer behavior.

2. Improve internal workflows and reduce inefficiencies using machine learning
techniques.

3. Evaluate model performance with a focus on pricing accuracy and strategic
decision support.

1.3 Limitations

To ensure feasibility within the project time-frame, the development is limited. The
project’s constraints are as follows:

e Only available internal data is utilized.

o Developing a machine learning model prototype which will be an Al-driven
pricing strategy evaluation. It will not cover a full-scale deployment of Al into
Derome’s existing systems.

o Evaluation of general AI and machine learning methods with an emphasis on
business implementations.

o Assessing and recommending Al and machine learning models without exten-
sive large data preprocessing.
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1.4 Sources

To ensure the credibility of the sources utilized in this study, the CRAAPP test
is applied. This model evaluates sources based on currency, relevance, authority,
accuracy, purpose, and publication [5]. Using this evaluative approach, the study
guarantees that all referenced materials are reliable, current, and aligned with rec-
ognized academic standards.
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Theory

This chapter presents relevant theoretical and technical studies on machine learning.

2.1 Machine Learning

2.1.1 Supervised Learning and Unsupervised Learning

Machine learning is a field that focuses on the construction of predictive models by
observing data. Machine learning techniques can be categorized based on the type of
supervision: supervised and unsupervised learning [6]. In supervised learning, mod-
els are trained on datasets containing input-output pairs, with the goal of learning
a mapping that can accurately predict outputs for new, unseen data. There are two
primary types of predictive tasks in supervised learning: classification, where the
model learns to assign inputs to discrete category labels, and regression, where the
model predicts continuous numerical values [7].

In contrast, unsupervised learning deals with datasets that lack labeled outputs.
The goal is to uncover hidden patterns or structures using clustering algorithms like
density-based spatial clustering of applications with noise (DBSCAN) and k-means.
DBSCAN is a clustering method used to differentiate between high-density and low-
density clusters, while k-means aims to form tight, spherical clusters [6]. Both have
their strengths and weaknesses depending on the application.

2.1.2 Dataset

To ensure that a model generalizes well to new data, it is standard practice to divide
the available dataset into three subsets: training, validation, and test sets [6].

The training set is used to fit the model, allowing it to learn patterns in the data
by optimizing internal parameters. The validation set serves to fine-tune the model’s
hyperparameters and helps monitor for overfitting. Effective hyperparameter tuning
is essential for achieving good model performance, and hyperparameter optimization
techniques such as grid search are commonly applied. Grid search [8] systematically
explores all combinations of predefined hyperparameter values to identify the most
effective configuration. However, this method can become computationally ineffi-
cient when dealing with a large number of hyperparameters. The test set is used
to evaluate the model’s performance on unseen data [6]. Unseen data refers to data
that the model has not encountered during the training set, providing an unbiased
estimate of its generalization ability.
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2.1.3 Overfitting and Underfitting

Overfitting and underfitting are issues in machine learning that affect a model’s
ability to generalize to unseen data [9]. Overfitting occurs when a model is overly
complex and captures noise in the training data. This results in excellent training
performance but poor test performance because of high variance [10]. In contrast,
underfitting transpires when a model is too simple to identify underlying patterns in
the data, resulting in poor performance on both training and test sets due to bias.

2.1.4 Bias and Variance

Bias and variance refer to the extent to which a model’s predictions or estimations
are accurate and reliable. Bias describes a systematic error caused by incorrect
assumptions built into the model [6], which often leads to underfitting [10]. In
contrast, an unbiased model generally produces predictions that are close to the
actual values.

However, even an unbiased model can still make inconsistent predictions across
different datasets due to variance. Variance is an error caused by the model’s sensi-
tivity to fluctuations in the training data [10]. High variance can result in a model
that performs significantly better on training data than on unseen test data (over-
fitting). Therefore, finding the right balance between bias and variance is crucial for
building a model that generalizes well on unseen data.

2.1.5 Data Leakage

Data leakage is a common problem in machine learning. It occurs when the training,
validation, and testing datasets are not properly separated, causing them to be
dependent on each other. This leads to an overly optimistic estimate of model
performance during training. According to Drobnjakovi¢ et al. [11], this can be
especially dangerous in high-stakes applications such as risk prediction, where the
consequences of relying on inaccurate models can be severe. In real-world scenarios,
data leakage can become a major issue and should be carefully avoided. To mitigate
these problems, datasets are split into training, validation, and test sets. An example
of a dataset split can be 80% for training and 20% for validation [12]. However, the
dataset can also be split into other ratios.

2.2 Machine Learning Models

2.2.1 K-means

K-means is a clustering algorithm utilized in unsupervised machine learning, where
data points are grouped into k distinct clusters [6]. The value of k is a parameter
that needs to be specified by the user. The algorithm allocates each data point
to the cluster with the nearest centroid. The primary objective is to reduce the
distance between the data points and centroids.

6
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Inertia, also known as WCSS (Within-Cluster Sum of Squares) is the sum of
squared distances between each data point and the centroid of the cluster it has
been allocated to [13]. In the k-means algorithm, the objective is to minimize
inertia, which measures how spread out the data points are within each cluster. By
reducing inertia, the algorithm ensures that the data points are aligned closely with
their respective centroids. This indicates tighter and cohesive clustering.

The elbow method is a useful technique to find the ideal number of clusters [14].
It is essential to determine the optimal number of clusters when clustering, as it can
significantly influence the quality and interpretability of the resulting clusters. The
name of the technique comes from the plot that looks like an elbow [13]. The elbow
method uses WCSS to identify the optimal number of clusters. When the number
of clusters increases, the WCSS typically decreases, forming an elbow-like shape in
the plot. The optimal number of clusters is usually found at the point where this
bend occurs.

2.2.2 Decision Tree

A decision tree, visualized in Figure 2.1, is a supervised machine learning algorithm
used for both classification and regression tasks. It works by splitting the dataset
into smaller subsets based on feature values. This creates a tree-like structure where
each internal node represents a decision, and each leaf node corresponds to an out-
come [6]. The goal is to split the data such that each resulting node is as pure as
possible, meaning the data points in each node are similar in target value. Deter-
mining the best split can be time-consuming, especially when the dataset contains
many features.

Decision Tree Visualization
f7 <=338.5
0.418
1297446
(948386, 271820, 77240]
0
f7<=145 f7 <=357.5
0.337 0.637

1099962 197484
[875125, 186552, 38285] [73261, 85268, 38955]
0 1

f7 <=161.5
0.269

f6 <= 152.0
0.498
110440
[64151, 44821, 1468]
0

f6 <= 266.0
0.606
144531
(68768, 55678, 20085]
0

955431
[806357, 130874, 18200]
0

Figure 2.1: Visualization of the decision tree used to classify transactional perfor-
mance tiers in the project.
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2.2.3 Random Forest

The idea of combining multiple machine learning models is called an ensemble,
and an ensemble made of decision trees is known as a random forest [15]. Like a
standard decision tree, it can be used for both classification and regression tasks.
However, this algorithm differs in how it makes decisions, by aggregating the results
of multiple trees, either by taking the majority vote for classification or the average
for regression.

The key concept is to use bagging, where each tree is trained on a random subset
of the data. Additionally, at each split, the tree only considers a random subset of
the features. This approach helps reduce the risk of overfitting, which is a common
issue with single decision trees that can learn noise in the training data [15].

The advantages of using random forest are its robustness and accuracy. However,
it loses in interpretability. Random forest is more complex compared to a single
decision tree, which is more straightforward and easier to explain.

2.2.4 XGBoost

Extreme gradient boosting (XGBoost) is another tree-based machine learning model.
This ensemble, rather than training trees independently like in random forest, builds
trees sequentially to reduce the error of the previous tree [16]. This algorithm uses
supervised learning. XGBoost is widely known for its strong learning capability and
computational speed, making it one of the better-integrated technologies with very
good performance.

The model includes a pruning function that reevaluates the trees and reduces
the number of nodes that do not improve the model’s performance. This helps
make the model less complex and can reduce overfitting [16]. During training, the
algorithm supports parallel operations, which makes it very fast. In addition, it
incorporates techniques to ensure strong predictive performance while keeping the
model complexity under control.

2.2.5 Logistic Regression

Logistic regression is usually used for binary classification and it is a supervised
machine learning algorithm [6]. It uses a logistic function, also known as the sigmoid
function (Figure 2.2) [17]. This function computes probabilities between 0 and 1,
indicating the likelihood that a sample belongs to a given class. Additionally, logistic
regression can be extended to multiclass classification [18]. It uses a one-vs-rest
strategy, where a separate logistic regression model is trained for each class, and the
class with the highest predicted probability is selected.

8
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Figure 2.2: The logistic (sigmoid) function illustrating the probability output.
This figure is from Johansson’s PowerPoint [17].

2.2.6 Perceptron

The perceptron is a binary classifier that has gained popularity due to its sim-
plicity [19]. Tt is a supervised machine learning algorithm trained on labeled data
from two classes and learns a decision boundary using a linear function called the
discriminant function.

During training, the algorithm typically initializes the weights and bias with
small random values. For each input, it computes a weighted sum of the inputs and
adds the bias. This sum is then passed through an activation function to generate a
prediction. The perceptron commonly uses a step function as its activation function,
which outputs 1 if the weighted sum is greater than or equal to zero, and 0 otherwise.
This binary output enables the perceptron to make decisions between two classes.

The predicted output is compared to the true label, and the error is used to
update the weights and bias. This process is repeated across many training examples
to improve the model’s accuracy. Figure 2.3 illustrates this learning process.

Similar to logistic regression, the perceptron can be extended for multiclass clas-
sification using a one-vs-rest strategy.
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Figure 2.3: Illustration of the perceptron learning process, showing how weights
and biases are updated during training.

2.3 Data Preprocessing Techniques

2.3.1 Normalization and Standardization

Normalization and standardization are important scaling techniques in data prepro-
cessing for optimizing the model’s performance by changing data values into another
form [20]. Normalization scales and standardizes the data values between the range
0 and 1 [21]. By scaling the data values, it makes the data more reliable, leading to
improved accuracy of the results [22]. This is particularly important for models such
as k-means, which rely on distance measurements to function effectively. If the data
values are not properly scaled, it can cause a feature to become more significant and
dominate the other features.

The equations are provided by Sujon et al. [20], the normalization equation is
given by Equation 2.1. X,,., is the normalized value, X is the original feature
value, and X,,., and X,,;, represent the feature’s maximum and minimum values,
respectively.

X — Xmin
Xoom = —————— (2.1)
Xmax - Xmin

In addition, standardization scales the dataset to have a mean of zero and a stan-
dard deviation of one [20]. As shown in Equation 2.2, Z represents the standardized
value, X is the original feature value, u is the dataset mean, and o is the standard
deviation.
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(2.2)

2.3.2 Missing Data

Handling missing data is a crucial part of data preprocessing, as it can significantly
impact precision and model performance [23]. Managing missing values often re-
quires domain knowledge, since different situations call for different approaches.
Common techniques include removing the data point, filling in with the average
value, or using the most frequent label. While these are widely used, applying them
without understanding the context can lead to misleading results. A particular
method might not make sense depending on the feature or the dataset. Therefore,
it is important to be thoughtful when dealing with missing data. If handled poorly,
it can introduce bias and reduce the accuracy of predictions.

2.3.3 One-Hot Encoding

One-hot encoding is a technique used for handling categorical variables [24]. Each
category is represented by a vector mostly consisting of zeros, with a one indicating
the presence of that category in a given data point. This method is commonly
used in classification tasks, as many machine learning algorithms, such as logistic
regression, require numerical input. One-hot encoding ensures that categorical data
can be effectively represented in a format suitable for these algorithms.

2.4 Evaluation and Optimization

When predictive systems are developed, it is rare for them to achieve perfect perfor-
mance. Therefore, it is essential to measure how effectively the models perform [6].
For this reason, selecting an appropriate evaluation protocol is crucial.

2.4.1 Performance Metrics

The confusion matrix is a table used to evaluate the performance of a classification
model. It shows the relationship between the actual classes and predicted classes
[25]. From the matrix, one can identify key metrics such as true positives (TP),
true negatives (TN), false positives (FP), and false negatives (FN), which provide
insight into the model’s accuracy and classification behavior. Precision and recall
are evaluation metrics for classification models that are calculated based on values
from the confusion matrix.

Precision (P) is the measurement of how accurate the model is when it predicts
a certain class. It tells how many of the predicted positives are actually correct.
The Equation 2.3 defines precision [25], [26].

TP

P=—1"
TP+FP

(2.3)
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While recall (R) measures how many of the positives in the class were correctly
identified. [26]. Recall is defined by the Equation 2.4 [25].

TP
R=__"- 2.4
TP+ FN (24)
F1-score is a performance metric that is the harmonic mean of the two perfor-

mance metrics, precision and recall [25], [27], given by Equation 2.5.

2-P-R
P+ R

The mean squared error (MSE) is typically used for evaluating a regression
model. This performance metric measures the average of the squared differences
between the predicted values and the actual values, shown in Equation 2.6 [25], [28].
The total number of instances in the dataset is given by N and i is the index of an
instance. The variable y; is the actual value of instance 7 and ¢; is the predicted
value for instance 7.

F= (2.5)

MSE= 3 (5~ 3.)° (26)

The mean absolute error (MAE) is another metric used to evaluate regression
models. It calculates the average of the absolute difference between the predicted
values and the true values [25],[29]. This is expressed in Equation 2.7.

1 X A
MAE = N Z yi — il (2.7)
i=1

The mean absolute percentage error (MAPE) is also used for evaluating regres-
sion models. It measures the average percentage error between the predicted and

actual values, providing a sense of relative error. The formula is given in Equa-
tion 2.8 [28], [29].

A

MAPE — 100% ivj Yi Y

N i=1 Yi

Silhouette score is a performance metric that evaluates the quality of cluster-

ing [30]. It ranges between -1 and 1 where a high score means good clustering. In

addition, it can also aid in finding the ideal number of clusters k. A score close to

negative one indicates that the data point is assigned to the wrong cluster. A score

near one means it is placed in the correct cluster. If the score is around zero, it may
fit into another cluster.

(2.8)

2.4.2 Cross-validation

Cross-validation is a technique for evaluating the model’s performance and examin-
ing how well the model generalizes to unseen data. There are different methods when
using this technique. However, the focus will be on the K-fold cross validation [31].

In K-fold cross-validation, the dataset is randomly divided into K equal-sized
subsets, known as folds. Each fold takes a turn as the test set while the remaining
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K — 1 folds are used for training [32]. This process is repeated K times, and the
results are averaged to estimate model performance. A common choice for K is
10 [31], but values like 3 or 5 may also be used depending on the dataset size and
application.

2.4.3 Regularization

Regularization is used to mitigate overfitting in models. Overfitting can occur when
a model picks up noise from the training data, causing certain feature weights to
be overly emphasized in the prediction process. Regularization reduces model com-
plexity by penalizing large weights, helping the model generalize better to unseen
data.

Common types of regularization include Lasso (L1 regularization) and Ridge (L2
regularization) [33]. Both methods add a penalty term to the loss function, but they
penalize the weights differently. Ridge regression shrinks the weights toward zero
but does not eliminate them entirely, while Lasso can reduce some weights exactly
to zero. This makes Lasso useful for feature selection, especially when it’s believed
that only a subset of features is relevant.

Despite their differences, both techniques aim to improve model accuracy and
generalization [34].
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Methods

This chapter presents the methodological framework applied in this study.

3.1 Dataset Description

The dataset was provided by the company supervisor. It originally contained raw
data from all customer transactions and interactions from January 2022 to April
2025, sourced from the company’s internal data systems. The dataset consisted
of approximately 3 million data points and 46 features, capturing various aspects
of each transaction, such as who made the transaction, location, price, earnings,
whether the price was adjusted, and more.

These features varied in type, including both categorical and numerical variables,
and some were not available across all transaction types. As a result, when extracting
and combining the data into a single Excel file, each data point contained at least
one missing feature value.

To protect both the company’s interests and the confidentiality of the research,
no actual values or figures that could be considered sensitive or proprietary have
been disclosed. For instance, Figure 3.1 shows only the historical sales trend from
January 2022 to April 2025, while omitting the specific sales values. Rather than
focusing on exact numbers, the primary aim of this project is to demonstrate the
value and potential of applying machine learning techniques to real-world company
data.

Monthly Sales Outcome Trend

Sales Outcome

2022-01 2022-05 2022-09 2023-01 2023-05 2023-09 2024-01 2024-05 2024-09 2025-01 2025-05
Month

Figure 3.1: Monthly sales outcome trend (January 2022-April 2025), revealing
recurring seasonal patterns and shifts in sales intensity over time.
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3.2 Data Preprocessing

Since the raw data was large and diverse, it was difficult to work with, and due
to the lack of domain knowledge and limited time, the company supervisor helped
with filtering the data and selecting the features deemed useful for the models that
were going to be developed. This created a subset of the original data that did not
contain missing values because the data now consisted of the same transaction type.
The new dataset, which was used and worked with, had a little more than 2 million
rows and 15 features.

3.2.1 Initial Cleaning and Feature Selection

However, even after this initial filtering, further preprocessing was necessary. One
step involved handling the date field, which was stored as a string and had lost its
temporal meaning, despite providing useful context for the models and predictions
aimed to be built. To ensure proper handling of the data, two separate preprocessing
pipelines were created based on the model type. For tree-based models, string
features were encoded as categorical variables, relying on the trees’ inherent ability
to split based on information gain, which made standardization unnecessary. This
approach also reduced training time compared to one-hot encoding, which would
have significantly increased the number of feature columns and computational cost.
For other models, where distances between data points are important, a separate
pipeline was used where all string features were one-hot encoded and numerical
features were normalized. By structuring the preprocessing this way, it ensured
accurate modeling while minimizing unnecessary computation.

3.3 Model Selection

For model selection, it is important to note that the company supervisor suggested
and requested that specific model types be explored: a clustering model and a
regression model, using internal corporate data. Since this task was to build a
prototype, the purpose was more to explore and test which models would achieve
the best performance and give the company better insight.

3.3.1 Clustering and Performance Tier Classification

For the clustering task, the data was examined. After discussions with the company
supervisor, it was decided to aggregate product groups by sales outcome and sales
volume for each year. The goal was to cluster the product groups into different
performance tiers.

Based on the resulting diagram, the data appeared to exhibit a relatively circular
structure (see Figure 3.2). Therefore, the k-means algorithm was selected, as it per-
forms well with circular distributions, in contrast to alternatives such as DBSCAN.
To determine the optimal number of clusters, the elbow method was used.

After applying the algorithm with the selected number of clusters, the result-
ing cluster labels were added to the dataset, allowing each transaction to include
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information about the performance tier of its associated product group.

The tier label was then treated as a new target variable, and several classification
models were trained to predict it using transaction-level features. The aim was to
analyze customer behavior and assess whether it was possible to identify patterns
associated with specific performance tiers.

The models tested were decision tree, XGBoost classifier, random forest classifier,
logistic regression, and perceptron. These models were chosen because they are
conceptually easy to understand and are also commonly used for similar tasks.

Yearly Aggregated Sales per Product Group
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Figure 3.2: Relationship between total sales volume and total sales outcome per
product group, aggregated annually. Each point represents a product group, with
values summed across the year.

3.3.2 Sales Outcome Prediction

For the regression task, the goal was to develop a model to predict the sales outcome.
This prediction would serve as an estimate to support the company’s internal fore-
casting processes and help identify features that may influence sales performance.

The models used were linear regression, random forest regressor, and XGBoost
regressor, which are well-known and commonly used models for this type of task.
Linear regression served as a simple baseline that is easy to interpret, while random
forest and XGBoost were chosen because they can handle more complex patterns
and usually perform well with structured data.
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3.4 Model Training

Using the newly prepared dataset of product groups aggregated by sales outcome
and sales volume, k-means models were evaluated across a clustering range from 1 to
10. The resulting inertia values for each cluster count were recorded and visualized
in a graph. The number of clusters that best aligned with the elbow method was
selected. The corresponding performance tier for each product group was then added
to the dataset for use in the classification task.

To optimize the classification models, grid search was used with 5-fold cross-
validation. For tree-based models, max depth values between 2 and 20 were tested
to balance underfitting and overfitting (see Table 3.1). Logistic regression’s regu-
larization strength (C) was tested using the values 0.01, 0.1, 1, and 10 to capture a
wide range of penalties. For the perceptron, both L1 and L2 penalties with alpha
values of 0.01, 0.001, and 0.0001 were evaluated. These ranges were selected based
on common practice and early exploratory tests that helped narrow down the search
space.

To prevent data leakage, features such as product group, sales volume, and sales
outcome were intentionally excluded from the model inputs, as they directly influ-
enced the tier assignment. Instead, the analysis focused on evaluating whether other
features could serve as reliable indicators of performance tier, and how accurately
they could predict it.

Table 3.1: Hyperparameter tuning ranges used in grid search for classification
models.

Model Hyperparameter | Tested Values

Decision tree,

Random forest classifier, Max Depth 2 to 20 (step size 1)

XGBoost classifier

Logistic regression C 0.01, 0.1, 1, 10
Penalt Ridge, Lasso

Perceptron Alphay o.o1g, 0.001, 0.0001

3.4.1 Regression Modeling

The regression modeling was split into two different approaches: transaction-level
prediction and time-based forecasting. Both aimed to predict monthly sales out-
comes, but used different data structures and feature designs. Figure 3.1 shows the
historical sales outcome trend from January 2022 to April 2025, providing context
for the forecasting task.

3.4.1.1 Approach 1: Transaction-Level Prediction

In the first approach, the sales outcome of each individual transaction was predicted
and then aggregated at a monthly and yearly level. To evaluate the performance, the
models were trained on data from 2022 and 2023 and then tested on 2024. Table 3.2

shows the models and the hyperparameters tested during grid search.
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The selection of hyperparameters was guided by established literature. General
tuning practices, including the use of grid search, were based on the guidelines de-
scribed by Bischl et al. [35], which provide a foundation for optimizing machine
learning models effectively. For tree-based models in particular, the tuning of pa-
rameters such as max_ features and n__estimators was informed by Probst et al. [36],
who emphasize their impact on the trade-off between bias and variance in random
forest algorithms.

The negative mean absolute error was used as the scoring metric during the grid
search to provide a quick, high-level view of model performance. The negative form
is used because grid search aims to maximize the scoring function. If standard MAE
(positive) were used, the model with the highest absolute error would be selected as
the best, which is the opposite of the desired outcome. Therefore, using the negative
version ensures that models with lower MAE scores are ranked higher, aligning with
the goal of minimizing error. After training, the negative MAE values returned by
the grid search were converted back to positive values to reflect the actual mean
absolute error for interpretation.

The best-performing models from the grid search were then selected and re-
trained to predict sales outcomes for 2024. The predicted monthly sales were then
compared to the actual monthly sales in 2024 using mean absolute percentage er-
ror. MAPE was chosen because, with large sales values, it can be more difficult to
interpret raw error values, whereas percentage-based errors offer clearer insight.

To avoid data leakage, certain features were removed from the training set.
Specifically, sales volume, sales divided by volume, and cost, as these are directly
related to the target variable.

Table 3.2: Hyperparameter tuning ranges used in grid search for regression models.

Model Hyperparameter | Tested Values
Linear regression Fit intercept True, False
n_estimators 100, 300
max_ depth 5, 10, None
Random forest regressor | max_features sqrt, log2

min_samples_ split | 2, 5
min_samples_leaf | 1, 2

n estimators 100, 300
learning rate 0.05, 0.1
max_ depth 3,5,7,9
XGBoost regressor subsample 0.8, 1.0
colsample_bytree 0.8, 1.0
gamma 0,0.1

min_ child weight | 1,5

3.4.1.2 Approach 2: Time-Series Forecasting with Lag Features

The second approach focused on using sales outcomes from previous months to
predict sales for a given month. The selected features included lag 1, lag 3, and
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lag 12, which represent sales values from one, three, and twelve months earlier,
respectively.

In addition, rolling averages over three and twelve months were incorporated
to smooth short-term fluctuations and capture broader trends in the data. These
features help the model detect seasonal patterns and long-term dynamics. Other
features included an indicator for whether the month falls within the summer period
(i.e., June, July, or August), as well as the calendar month, year, quarter, and a
time index.

The time index was constructed by assigning the value zero to the first month in
the dataset and incrementing it by one for each subsequent month. These features
were inspired by the method presented by Makridakis et al. [37], which is based on
the M5 forecasting accuracy competition. That competition focused on improving
predictive accuracy using hierarchical time series data and emphasized the value
of lag features, rolling statistics, and calendar-based variables in sales forecasting
models.

It is worth noting that some features were unavailable for the earliest months
of 2022. For example, lag 12 and the twelve-month rolling average could not be
computed due to insufficient historical data. In such cases, the missing values were
imputed using the mean of the corresponding feature from the rest of the dataset.

This method was applied because random forest regressor and linear regression
models cannot operate on missing values. It was considered more valuable to retain
these early data points by imputing reasonable estimates, rather than discarding
them and further reducing the amount of historical data available for training.

The training setup for this approach was the same as in the first. Models were
trained on data from 2022 and 2023 and used to predict sales for 2024. Grid search
with 3-fold cross-validation was applied to evaluate different hyperparameter com-
binations. The negative mean absolute error was used as the scoring metric during
training, and the resulting values were converted back to standard MAE for final
evaluation.

Once the best hyperparameters were identified, the models were retrained on all
available data before 2024 and then used to forecast monthly sales for 2024. As in
the first approach, mean absolute percentage error was used to evaluate the model’s
performance. Mean squared error was deliberately excluded in both approaches,
as sales values were already large and even MAE provided limited interpretability,
serving more as a model comparison tool. Squaring the errors would have further
amplified this issue, making interpretation more difficult.

An additional advantage of this approach was its ability to forecast the entire year
of 2025. Since transaction data was available up to April 2025, the best-performing
model was retrained using data from January 2022 through April 2025. It then
predicted sales for May, which was fed back into the model to forecast June. This
process was repeated sequentially, month by month, until predictions were made for
the entire year.
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3.5 Testing and Validation

3.5.1 Clustering Validation

The silhouette score was used to test how well the clusters identified using the
elbow method performed. This was done to assess the quality and separation of
the clusters. Class imbalance in the new cluster labels was considered likely, as
there appeared to be a significant difference in distribution. Figure 3.2 highlights
this distribution, showing higher density in the lower-left corner, where both sales
volume and sales outcome are low. This pattern reflects underlying variation in the
data, which the clustering algorithm should ideally be able to detect and represent.

3.5.2 Classification Model Evaluation

A baseline model was trained for the classification task. This dummy classifier pre-
dicted the majority class for all observations. It served as both a point of comparison
for the final models and a sanity check. If a model cannot outperform a classifier
that always predicts the majority class, it is not suitable for practical use.

After evaluating the classification models using cross-validation on the training
data for predicting transaction tiers, the best-performing model was selected along
with its optimal hyperparameters. Rather than applying cross-validation again, the
selected model was retrained on the full training set from 2022 and 2023 and then
used to predict the cluster labels for the 2024 data.

To validate these predictions, precision, recall, and F1-score were calculated to
assess the model’s effectiveness on unseen data. Additionally, its performance was
compared to the baseline dummy classifier to determine whether the improvement
was both statistically and practically meaningful, with practical significance referring
to whether the performance gain could lead to useful business outcomes.

Feature importance was also analyzed using the built-in metrics provided by
each model. This allowed identification of the features with the greatest influence
on predicting the transaction tier. Since different models calculate importance in
different ways, such as frequency of use in splits or impact on predictive performance,
the values were normalized to allow for better interpretability and comparison across
features.

3.5.3 Regression Model Evaluation

For the regression models, according to the company supervisor, an error margin
of about 10% was considered reasonable for evaluation purposes. Although this
threshold was somewhat arbitrary, it served as a reference point for assessing model
performance when forecasting sales and comparing predictions to actual values using
MAPE. Feature importance scores were also examined to identify which variables
had the greatest influence on the predictions. These results were reviewed together
with the company supervisor to determine whether the model’s outputs aligned
with domain knowledge and business expectations. Each model’s performance was
evaluated using MAPE by comparing predicted and actual monthly sales outcomes
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for 2024.

Finally, the best-performing model from the second regression approach, based
on historical aggregated data, was used to forecast monthly sales for 2025. The
forecasted values were then compared to the company’s internal budget for 2025.
This budget, which represents the company’s forecasted revenue for the year, was
referred to as the "budget' throughout the project and will continue to be called
that for consistency. It served as a proxy for the expected sales outcome for 2025.

3.6 Tools and Environment

The described approach was implemented in Python version 3.12.2, using libraries
such as NumPy, pandas, scikit-learn, and XGBoost. These libraries were chosen
because they are standard tools in machine learning, are well documented, and make
the code easier to write, read, and understand. The hyperparameters in the tables
use the same names as in these libraries, for more detailed descriptions, one can refer
to the official documentation. The code was executed locally on a project member’s
computer using Jupyter Notebook within the Anaconda version 25.1.1 environment.
Direct access to the company’s internal data system was not available. Instead, the
data were provided via a universal serial bus (USB) stick and stored in Excel files.

3.7 Agile Methodology

Agile principles and methodology were applied from the beginning of the project to
ensure that the requirements were being fulfilled and to achieve the project goals.
One-week sprints were implemented, with the company supervisor serving as the
product owner and the project members alternating to act as the Scrum Master
each sprint.

The agile approach was deemed the most suitable for this project because of its
flexibility and adaptability. This was an essential part of the iterative development of
the machine learning prototype. The models were continuously refined and improved
each week under the guidance of the product owner. Although initial requirements
and goals were defined from the start, the project’s incorporation of unfamiliar
areas such as machine learning had not been previously applied within the company
making it challenging to establish a detailed long-term schedule.

As a result, weekly sprints were considered more appropriate. Throughout the
development process, weekly meetings were held with the product owner where tasks
were given. To organize and manage the workflow, a Gantt chart, see Figure 3.3, was
utilized to provide an overview of the project timeline and ensure progress tracking.
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January 20, 2025
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Figure 3.3: This is the project’s Gantt chart at the project start. It shows the
timeline and progress of the bachelor project’s development. Each task is tracked
with details such as status, priority, progress, duration and deadlines.
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Results

This chapter presents the results of the project.

4.1 Clustering Model

4.1.1 Elbow Method and Cluster Selection

To perform the k-means algorithm and determine the appropriate number of clusters,
the elbow method was used. The resulting graph is shown in Figure 4.1. From the
graph, a significant drop can be observed in inertia when the number of clusters are
increasing from 1 to 2, indicating that the data points were grouped more tightly
around their respective centroids. A further, though smaller, drop occurred from
2 to 3 clusters. After that, the reduction in inertia diminished noticeably. The
graph forms a clear “elbow” at 3 clusters, which is the origin of the method’s name.
Based on this, we selected three as the optimal number of clusters, meaning the
product groups were divided into three distinct segments. The silhouette score for
this clustering was 0.89, suggesting strong separation between the groups.

lel7 Elbow Method
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Figure 4.1: This is the Elbow Method graph used to determine the optimal number
of clusters.
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4.1.2 Cluster Characteristics and Class Distribution

Using this outcome, each product group was assigned to one of three tiers repre-
senting different performance levels. After running the k-means algorithm with 3
clusters and re-plotting the yearly aggregated product groups by sales outcome and
volume, the clusters obtained are shown in Figure 4.2. The resulting tiers were
labeled 0, 1, and 2. Tier 0 includes product groups with typically lower yearly out-
come and volume, tier 2 includes those with high yearly outcome and volume, and
tier 1 falls in between. Additionally, it was observed that there were fewer product
groups in tier 2, even though it was the most profitable tier. The distribution of the
classes is shown in Table 4.1, and it reveals a significant class imbalance, with tier 0
dominating the dataset. This is important to keep in mind for classification models.
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Figure 4.2: K-means clustering result on yearly aggregated product groups based
on sales outcome and volume. The figure shows the separation of product groups
into three tiers.

Table 4.1: Distribution of product groups across the three tiers.

Tier | Distribution
0 5%

1 20%

2 5%

4.2 Classification Model

4.2.1 Baseline and Model Comparison

To understand how well the models perform given the class imbalance, a dummy
classifier was trained at the start, which achieved an accuracy of 73% as the mean
of a 5-fold cross-validation. This served as a baseline to compare the other models
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against. Following this, several classifiers were tested, including three tree-based
models, and the results are shown in Table 4.2.

Table 4.2: Mean cross-validation accuracy for classification models.

Model Mean Cross-Validation Accuracy
Dummy classifier 73.00%
Decision tree 84.65%
Random forest classifier | 81.01%
XGBoost classifier 82.97%
Logistic regression 85.01%
Perceptron 81.75%

4.2.2 Performance Evaluation on 2024 Data

The model with the highest average cross-validation accuracy was logistic regression,
with a score of 85.01% using a C parameter of 1. A close second was the decision
tree, which achieved 84.65% with a max depth of 13. Since their performance was
similar, both models was retrained to predict the tier for each transaction in 2024
and analyzed how they performed on unseen data.

The results for logistic regression can be seen in Table 4.3, and the results for
the decision tree are shown in Table 4.4. The overall accuracy for logistic regression
was 85.40%, while for the decision tree it was 85.86%. In both cases, the models
outperformed the dummy classifier. However, due to the slightly higher accuracy,
better Fl-score, and the fact that it is easier to interpret, the decision tree was
chosen for further analysis of feature importance. Figure 4.3 shows the five most
important features used by the model. The most dominant factor in determining
the performance tier associated with a transaction was the supplier, which was later
examined with the company supervisor for further interpretation.

Table 4.3: Results for logistic regression.

Tier | Precision | Recall | Fl-score
0 0.92 0.92 0.92
1 0.64 0.77 0.70
2 0.82 0.25 0.39
Table 4.4: Results for decision tree.
Tier | Precision | Recall | Fl-score
0 0.93 0.92 0.92
1 0.66 0.76 0.70
2 0.67 0.36 0.47
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Top 5 Feature Importances
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Figure 4.3: Top 5 most important features from the decision tree model used to
classify transaction tiers.

4.3 Regression Model

For the regression task, two previously described approaches were evaluated to com-
pare their results, strengths, and limitations. The first involved transaction-level
predictions that were aggregated into monthly totals, while the second relied on
historical aggregated data to model time-based trends directly. Performance was
assessed using MAE during training for its simplicity and robustness, while MAPE
was used during validation to provide percentage-based error insights that are easier
to interpret in a business context.

4.3.1 Approach 1: Transaction-Level Predictions

In the first regression approach, where the sales outcome of each individual trans-
action was predicted at the row level, the best hyperparameters obtained from grid
search are listed in Table 4.5. Based on cross-validation results, the random forest
regressor performed best, with a MAE of 3,464. XGBoost regressor followed closely
with a MAE of 3,721, while linear regression had the highest error at 6,330.
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Table 4.5: Best hyperparameters for 2024 sales prediction using transaction-level

regression model (approach 1).

Model Hyperparameter | Best Value
Linear regression Fit Intercept True
n_estimators 300
max_ depth 15
Random forest regressor | max_ features sqrt
min_samples_ split | 2
min_samples leaf | 1
n estimators 300
learning_ rate 0.05
max_ depth 9
XGBoost regressor subsample 0.8
colsample_ bytree 1.0
gamma 0
min_ child weight | 1

4.3.1.1 Monthly Aggregated Predictions

Using the optimal hyperparameters identified through grid search, the models were
retrained to predict sales outcomes for 2024. As shown in Figure 4.4, XGBoost
achieved the lowest MAPE among the tested models.

To gain insight into what influenced the model’s predictions, feature importance
was analyzed. Figure 4.5 displays the five most important features according to
the XGBoost model. Product subcategory and product group showed comparable
levels of importance, suggesting that both features played equally strong roles in
predicting transaction-level sales outcomes.

2024 Forecast from Transaction-Level Model

Sales Outcome

—&— Actual

XGBRegressor (MAPE=12.73%)
—8— RandomForestRegressor (MAPE=16.02%)
—8— LinearRegression (MAPE=13.42%)

T T T
jan feb mar

jun jul aug sep okt

Month

Figure 4.4: Monthly sales predictions for 2024 using the transaction-level model
(approach 1), where individual transactions were predicted and then aggregated to

monthly totals.
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Feature Importance from XGBoost Model (Approach 1)

Product Subcategory
Product Group
Supplier

Business Unit

Customer Group

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200
Normalized Importance

Figure 4.5: Top 5 most important features in the transaction-level model (approach
1) using XGBoost Regressor, indicating the strongest predictors of individual trans-
action sales outcomes.

4.3.2 Approach 2: Time-Series Forecasting

In the second regression approach, historical monthly data was used to predict sales
outcomes. The same three models were applied, and the best hyperparameter values
identified through grid search are listed in Table 4.6. Based on the training results,
linear regression had the highest mean absolute error at 178,984,595, followed by
XGBoost regressor with 44,942,119, and random forest regressor with the lowest
error at 44,802,469.

Table 4.6: Best hyperparameters for 2024 sales prediction using time-series regres-
sion model with lag features (approach 2).

Model Hyperparameter | Best Value
Linear regression Fit Intercept True
n_estimators 300
max_ depth )
Random forest regressor | max_features sqrt

min_samples_split | 2
min_samples leaf |1

n_estimators 100
learning_ rate 0.1
max_ depth 9
XGBoost regressor subsample 0.8
colsample bytree | 0.8
gamma 0

min_ child weight | 1
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4.3.2.1 Forecast for 2024

Using these trained models, the 2024 sales were predicted based on lagged features.
The results are shown in Figure 4.6, where XGBoost once again achieved the lowest
MAPE at 8.96%. Feature importance analysis in Figure 4.7 indicates that the
time index and lag 12 were the two most influential features, having the highest
normalized gain. Although the optimal hyperparameters differed slightly from those
used in the first approach, XGBoost continued to demonstrate the most consistent
performance. As a result, XGBoost regressor was selected from this approach to
forecast the 2025 sales outcome.

2024 Forecast from Time-Series-Based Model

Sales Outcome

—8— 2024 Sales Outcome
—0— XGBRegressor (MAPE: 8.96%)

—8— RandomForestRegressor (MAPE: 17.17%)
—8— LinearRegression (MAPE: 61.33%)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

Figure 4.6: Monthly sales predictions for 2024 using the time-series model (ap-
proach 2), based on lagged historical sales features and rolling averages.

Feature Importance from XGBoost Model (Approach 2)

time_index
lag_12
rolling_3
lag_1

Ar

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Normalized Importance

Figure 4.7: Feature importance for the XGBoost Regressor model in approach 2,
based on normalized gain.
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4.3.2.2 Forecast for 2025 and Budget Comparison

To generate the 2025 forecast, transaction data available up to April 2025 was
used for training. From May onward, the model predicted each month’s outcome
sequentially, using the previous prediction as input for the next. The results are
shown in Figure 4.8. On average, the model’s forecast deviated from the company’s
internal 2025 budget by approximately 8.07%.

Forecast vs Budget for 2025

—&— Budget
Predicted (MAPE: 8.07%)
©— 2025 Sales Outcome

Sales Outcome

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month
Figure 4.8: Sales forecast for 2025 using the XGBoost model from the second
regression approach. The figure includes the actual sales values up to April 2025,

which were used to initiate the forecast. The model was trained on data prior to
May 2025, and each remaining month of 2025 was predicted sequentially.
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Discussion

This chapter discusses the implications and interpretations of the project’s results.
As well as areas of improvement, future development, and ethical and sustainable
considerations.

5.1 Model Selection and Design Rationale

When interpreting the results from the classification models, logistic regression and
decision tree had the best performance. Given the purpose of this project, exploring
machine learning opportunities for a company, there were two major factors that
had to be considered during model selection.

First, the models needed to be effective for the task. That includes how well they
perform, whether they offer useful insights, and if there are any risks such as bias
or data leakage. These are the more technical concerns around model performance.
Secondly, it was important to consider how implementable these models would be
for the company. Interpretability was a key part of that; staff, administrators, and
management team should be able to understand how the models work and the value
they provide. This is important, because if the benefits of machine learning are easy
to grasp, it increases the chances that the company will be willing to invest in future
development.

Since this is a bachelor’s thesis the time was limited, part of the goal was to
showcase to the company what is possible with their data. This is one of the reasons
why there was a strong focus on models that are easier to interpret. That trade-
off between performance and transparency was considered throughout the selection
process.

5.2 Clustering and the ABC Classification

For the clustering task, k-means was selected over alternatives such as DBSCAN,
primarily due to the inherent structure of the data. The data points exhibited
roughly circular cluster shapes (see Figure 4.2), which aligns well with k-means
assumptions. Additionally, k-means allows for specifying the number of clusters
explicitly, offering better control. Using the elbow method, it was determined that
the optimal number of clusters was three, which was anticipated.

The company supervisor introduced the ABC classification, it is an internal
system which the company uses. This system groups product groups into tiers
based on sales and volume and is inspired by Lehrskov-Schmidt [38]. It divides
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product groups into categories like good, better, and best, a concept the company
was already familiar with.

The result of selecting three clusters using the elbow method not only made
sense statistically, with a silhouette score of 0.89, but also aligned well with business
logic. Not only was the ABC classification already part of the company’s internal
practices, but a similar tier structure could be derived directly from the data using
machine learning.

5.3 Classification Results and Business Insights

After assigning each transaction a performance tier based on its associated product
group, the classification task proceeded. Logistic regression and decision tree models
stood out with the highest accuracy scores. Although both models outperformed
the dummy classifier, it is worth noting that the dummy classifier still had a rela-
tively high accuracy, as it always predicted the most common class. This highlights
the significant class imbalance in the data, which was deliberately left uncorrected.
The project members were aware of the class imbalance, but decided to preserve
it because it reflects the real-world distribution of transaction tiers. This way, the
models would lead to conclusions that were more realistic and aligned with how the
business actually operates.

Accuracy alone was not sufficient for evaluating model performance because of
the class imbalance. Other metrics was considered such as precision, recall, and
F1l-score. From Table 4.3 and Table 4.4, logistic regression had a higher precision
when predicting tier 2, but its lower recall resulted in a weaker overall F1-score. The
decision tree, on the other hand, achieved a better balance between precision and
recall. Combined with its inherently interpretable structure, this made decision tree
a more suitable choice. This decision supports the two priorities outlined earlier:
strong technical performance and ease of interpretation for the company.

5.3.1 Understanding Key Drivers of Transaction Tiers

In addition to performance metrics, feature importance was examined. The results,
shown in Figure 4.3, indicate that several features contributed significantly to pre-
dicting the performance tier for each transaction, including customer group and
brand. However, the most dominant feature was the supplier. Although this was
not entirely surprising to the company, it was notable that this insight emerged
directly from the data rather than intuition or prior experience. This can be seen
as a positive confirmation of supplier influence, now grounded in data.

With this knowledge, the company could explore further analyses around sup-
pliers, such as identifying top-performing suppliers, understanding when they are
most profitable, and detecting potential seasonal patterns. This discovery not only
supports the current business intuition but also highlights another valuable use case
for machine learning: enhancing business and pricing strategies through data-driven
insights.
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5.4 Regression Models Results and Trade-offs

As for the regression models, linear regression was included as a simple baseline.
Then two tree-based models were chosen, random forest regressor and XGBoost
regressor, to keep the model architecture straightforward while still being able to
capture more complex relationships in the data. This resulted in a balance between
interpretability and performance, especially when comparing the two forecasting
approaches.

5.4.1 Limitations of Row Level Prediction

Both regression approaches come with its limitations. The first approach, predicted
sales at the row level and then aggregated the predicted values into monthly to-
tals, is more sensitive to random noise. This includes cases such as manual price
adjustments or irregular transactions. It also assumes that individual transaction
predictions can be accurately summed to reflect monthly outcomes, which may not
always hold true. Additionally, the method lacks temporal context and may lead to
overfitting based on specific transaction-level details, reducing the model’s ability to
generalize effectively.

The most significant limitation of this approach is that it requires access to
transaction-level data for the month being predicted. This makes it unsuitable
for forecasting future months, as it can only estimate sales outcomes for already
recorded periods. While summing the predicted values of individual transactions
did yield a MAPE of 12.73%, which is close to the company supervisor suggested
10% threshold, the approach remains constrained in its applicability.

This approach still provides useful insights. Feature importance at the trans-
action level highlights the factors that play a major role in influencing individual
sales. In the results, the importance scores were more evenly distributed among the
top five features, suggesting that several different variables played a meaningful role
in predicting transaction value. These insights may be useful for developing pricing
strategies, identifying key business drivers, or targeting customers more effectively,
even if the model itself is not suitable for forward-looking forecasts.

5.4.2 Time-Based Forecasting and Business Implications

In the second approach, historical monthly sales data was used to predict future sales
outcomes, the best-performing model for forecasting 2024 was XGBoost, achieving
a MAPE of 8.96%. This performance clearly surpassed the first approach and was
lower than the 10% deviation threshold suggested by the company supervisor.

One of the main strengths of this method is its ability to forecast future periods.
For example, Figure 4.8 shows the model’s predictions for 2025. It was observed
that the predicted sales closely matched the company’s internal budget, reflecting
their sales expectations. On average, the 2025 forecast deviated by about 8.07%,
which is considered relatively close.

This difference highlights one of the trade-offs of relying only on historical data.
While the model captures trends from previous years effectively, it cannot account
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for external factors such as political changes, economic shifts, or other unforeseen
events. As a result, the forecast may be either too optimistic or too conservative.
This limitation is further reflected in the model’s most important features, lag 12
and time index, which suggests that it heavily relies on past sales outcomes and
assumes that a consistent trend will continue over time.

Despite these limitations, the model still offers value. It can serve as a way
to verify internal forecasts or support data-driven decision-making during planning.
However, such predictions should always be interpreted with caution and used along-
side expert judgment and business context.

5.5 Enhancing Progress with Domain Knowledge

One of the most important skills for successfully working with, or continuing the
development of machine learning in a business setting, is domain knowledge. A
key reason the project progressed smoothly was because of the agile methodology
followed. That included weekly meetings and having the company supervisor act
as the product owner. This setup allowed for regular communication and kept the
project aligned with business needs.

More importantly, the company supervisor also provided valuable business in-
sights that significantly improved the workflow. Guidance was provided on the
important aspects of the business and how to interpret the data from a practical
perspective. In addition, literature on similar tasks, such as sales forecasting, helped
with identifying what features were typically important and how others approached
similar problems.

Having both domain knowledge and technical machine learning skills is critical
when working on applied data science tasks. This became very clear when the
dataset was first received. The raw data contained every type of transaction, and
at first, it was difficult to perform any meaningful analysis. There was no consistent
structure, and every row had at least one missing value.

Through an iterative process and close communication with the company super-
visor, the data was gradually filtered to focus on the parts that were most relevant.
This back-and-forth collaboration was essential, and it was not a straightforward
task. Eventually, a portion of the dataset was identified that was both clean and
meaningful, providing data suitable for training the models. This does not mean
that the other parts of the dataset were useless, but rather that they required more
time and domain-specific understanding to work with effectively.

5.6 Areas of Improvement

As this project is a prototype, there are many areas that could be improved in future
development. Some of these have already been mentioned, such as the potential
to enhance the second forecasting approach by including external data sources, or
applying better domain understanding to more effectively utilize the dataset. In
this section, a few key improvements will be emphasized.

Firstly, during hyperparameter tuning, grid search was used with a limited set of
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values. While this may have been sufficient for the purposes, it may not have yielded
the absolute best configurations. One reason for this is related to hardware limita-
tions. Since high-performance machines were not used for this project, retraining
and testing models on millions of rows was time-consuming and inefficient, espe-
cially given the project time scope. As a result, trade-offs between computational
cost and optimization depth were made.

Secondly, model selection could also be an area for improvement. Most of the
models used were relatively basic, with the exception of random forest and XGBoost.
Interpretability was prioritized because one of the goals was to show the company
the benefits of machine learning in a way that was easy to understand and act upon.
This likely came with a slight performance trade-off, as more complex models may
have produced better results. However, these models are usually harder to interpret
and require more extensive tuning, which would have extended the project time-line.
While it was a limitation, it was also a practical choice given the scope and context
of the project.

Lastly, the importance of transparency regarding the limitations of the project is
recognized. Acknowledging these challenges is part of responsible development, and
they should be considered for future iterations or deeper implementations. By iden-
tifying these areas early, future teams can build on this foundation with improved
tools, models, and strategies.

5.7 Opportunities for Further Development

5.7.1 Automation and Data Integration

There are many opportunities for further development and improvements that could
provide even greater business value, especially in areas like pricing strategies and
sales forecasting. In this project, the data used was manually extracted from the
company’s internal database and delivered as Excel files. While this approach was
sufficient for a prototype, a more scalable and efficient solution would involve build-
ing integrated data pipelines that connect directly to the company’s data sources.

Such a system would enable access to a broader dataset. In this project, data
from 2022 and onward was accessed. For some models, particularly the forecasting
approach based on historical patterns, this limited time range created gaps. Early
months in 2022 lacked the necessary history for computing rolling averages and lag
features, and to compensate, these values was filled using feature-wise means. With
a dataset covering a longer time span and greater completeness, these features could
be computed more accurately, potentially improving model performance.

Implementing data automation would not only allow for more accurate inputs but
would also reduce manual overhead. It would streamline the process by removing the
need for manual filtering, extraction, and cleaning. Additionally, it would help keep
the data current and reduce the risk of working with outdated or inconsistent files. In
the early stages of this project, a considerable amount of time was spent resolving
data mismatches, and a connected pipeline would have significantly reduced that
burden.
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5.7.2 Exploring AI-Driven Decision Support

Beyond automation, the company could also explore the use of Al agents that have
a solid understanding of the environment based on the processed data. These agents
could assist in making rational business decisions informed by historical patterns.
There could even be multiple specialized agents focusing on different areas, such as
forecasting, inventory, or pricing. These agents may operate independently or rely
on each other’s predictions, depending on how the system is designed.

5.7.3 Advanced Models and Long-Term Potential

Over time, with improved infrastructure and automation, there may be less need
for the administrative team to directly understand the underlying machine learning
technologies. The focus could shift more toward model performance and decision
support. This would also open the door to experimenting with more complex models,
such as neural networks, which are capable of capturing patterns that are difficult for
humans to detect. Using such models would require more computational resources,
more tuning effort, and longer development time, but the potential performance
gains may be worth exploring in the long term.

5.8 Ethical and Sustainable Considerations in Ma-

chine Learning

This project focused on developing machine learning prototypes to support busi-
ness value. However, it is equally important to consider the broader ethical and
sustainability implications of such technologies.

As machine learning systems become more integrated into business operations,
ensuring data privacy and accountability is critical. While this report does not
explore data ethics in depth, care was taken to avoid disclosing sensitive business
information. As the system develops, stronger emphasis on data governance, ac-
cess controls, and compliance with relevant regulations will become increasingly
important. Furthermore, if future developments incorporate sensitive customer in-
formation, users should be informed to ensure transparency and maintain trust.

Machine learning tools, especially those influencing pricing or customer out-
comes, should assist rather than replace human judgment. While models are capable
of detecting patterns and suggesting actions, final decisions should remain under hu-
man oversight to prevent unintended consequences. This is particularly important
in domains that affect customer experience or market dynamics. Ensuring account-
ability requires clear documentation of how models are trained, how decisions are
made, and who is responsible for evaluating their outcomes.

From an environmental perspective, machine learning can involve substantial
computational costs. However, the models used in this project were relatively
lightweight. These included decision tree, logistic regression, and XGBoost, with
training durations limited to a few hours. To further limit computational demand,
the hyperparameter search ranges were intentionally kept narrow. As a result, the
environmental impact of this work was minimal.
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Future development involving large-scale models, such as deep neural networks
and natural language processing systems, can be highly resource-intensive and energy-
consuming during both training and maintenance [39]. Promoting sustainability
involves being mindful of algorithm efficiency, limiting unnecessary complexity, and
balancing performance with energy use.

Moreover, while modern graphics processing units (GPU) offer improved perfor-
mance for model training [40], their production relies on rare materials. Countries
like China currently dominate the processing of these resources, accounting for about
90% of global refining and 60% of extraction [41]. Their extraction, refinement, and
transportation contribute significantly to global carbon emissions, underscoring the
need to factor supply chain impacts into sustainability considerations.

While AT and machine learning offer substantial value, environmental and ethical
concerns must not be overlooked. Addressing these factors is essential not only
for building efficient systems but also for contributing to a more sustainable and
responsible future.
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The project resulted in operating prototypes that fulfilled the initial requirements
outlined at the beginning of the study. The implemented models included clus-
tering, classification, and regression algorithms, all applied to a dataset containing
transactions and key transactional attributes.

For the clustering task, product groups were aggregated annually by sales out-
come and sales volume, and the k-means algorithm was applied to segment them
into performance tiers. Using the elbow method, the optimal number of clusters
was determined to be three. In this setup, tier 2 represented the highest-performing
product groups in terms of sales and volume, while tier 0 represented the lowest.
The clustering results showed strong separation and high quality, as reflected by a
silhouette score of 0.89.

Each transaction was then assigned the performance tier corresponding to its
associated product group. This label was used in a classification task to evaluate
whether models could accurately predict a transaction’s associated performance tier,
and to identify which features mostly influenced that prediction.

Among the classification models, the decision tree achieved the highest accu-
racy on the 2024 test set, reaching 85.86%. It also recorded the highest Fl-scores
across all three performance tiers, with a maximum depth of 13. Although it did
not perform best during training, where logistic regression had slightly better re-
sults, its performance was comparable. Upon evaluation on unseen 2024 data, the
decision tree showed a marginal performance advantage over logistic regression. It
also significantly exceeded the baseline dummy classifier, which achieved 73% accu-
racy, largely due to the strong class imbalance. These results support the model’s
practical viability.

Ultimately, the decision tree was selected for further analysis due to its slightly
stronger performance and higher interpretability. Feature importance analysis iden-
tified the supplier as the most influential factor in determining a transaction’s associ-
ated performance tier. This insight offers a valuable opportunity for deeper analysis
and could help inform strategic business decisions.

Lastly, for the regression models, the goal was to forecast sales outcomes, and
that was done using two different approaches. The first approach aimed to predict
individual transaction sales and then aggregate them monthly to generate a forecast.
The second approach directly forecast monthly sales based on historical aggregated
data.

In the first approach, the XGBoost regressor performed best, achieving a MAPE
of 12.73% when compared to the actual 2024 values. In the second approach, XG-
Boost again delivered the most accurate results, with a MAPE of 8.96% for 2024.
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This made it the most reliable model overall. Furthermore, the second approach
enabled future forecasting, something the first method could not support due to its
reliance on transaction-level data from the year being predicted. Using XGBoost
from the second approach, the 2025 sales forecast achieved a MAPE of 8.07% when
compared to the company’s projected revenue for that year. These results demon-
strate the potential of machine learning models to support the budgeting process
and leverage historical data for accurate forecasting.

Feature importance analysis from the first approach indicated that several vari-
ables played key roles in the predictions, notably product group, product subcate-
gory, supplier, and business unit. In contrast, the second approach was primarily
influenced by temporal features, especially revenue from 12 months prior and the
overall time trend.

Several limitations affected the study. One key constraint was that the models
were trained on a limited range of hyperparameters due to computational cost and
time constraints. Additionally, the project emphasized model interpretability, as
the primary goal was to give the company insight into the capabilities of machine
learning. However, this focus may have come at the expense of achieving peak
predictive performance.

Another limitation was that the models were trained solely on Derome’s internal
sales data, without incorporating external data sources. Including external factors,
such as market trends, economic indicators, or competitor pricing, which could have
improved model accuracy, particularly since product prices are influenced by such
dynamics.

A major challenge was the initial lack of domain knowledge. While the dataset
was pre-filtered by the company supervisor, it took time to fully understand the
organizational structure, the role of various features, and their interrelationships. A
deeper domain understanding from the start could have led to more efficient analysis
and better use of the data.

Despite these limitations, the project offered valuable insights into applying aca-
demic knowledge in a real-world business setting. Beyond the technical aspects, the
experience provided exposure to corporate workflows and organizational decision-
making. Initially, the prototype development process was challenging due to limited
business context. However, through regular meetings with the company supervisor,
who offered domain-specific guidance, our understanding improved. Following agile
methodology and iterative sprints, the prototypes evolved steadily, demonstrating
clear progress from problem exploration to solution delivery.

A key distinction observed during the project was the difference between aca-
demic problem-solving and addressing real-world challenges. Unlike university as-
signments, real-world data rarely yield perfect results or definitive conclusions. This
reality required a shift in mindset and highlighted the importance of iterative devel-
opment and approximation in practical applications.

As machine learning becomes more embedded in business operations, it is essen-
tial to maintain a critical perspective. While these models can significantly support
decision-making, they should not be used unconditionally. Human oversight remains
crucial, especially in areas like pricing and sales, where accountability for decisions
must be clearly defined. As such, successful implementation of Al and machine

42



6. Conclusion

learning requires adequate training and a shared understanding that these systems
are tools to support, not replace, human judgment.

The developed prototypes offer a strong foundation for future expansion. Fur-
ther improvements could involve incorporating more internal data as well as external
sources. Exploring more advanced models, such as neural networks, may lead to bet-
ter performance, potentially enhancing decision-making and reducing administrative
workloads. However, such improvements would demand increased computational re-
sources, more extensive hyperparameter tuning, and longer development timelines.
These investments could be worthwhile over time, considering the potential for im-
proved results and broader business impact.

In summary, the project effectively met the three core objectives defined at the
beginning. First, by classifying transactions into performance tiers and analyzing
key influencing factors such as supplier and brand, the project provided a founda-
tion for identifying patterns and potential anomalies in customer behavior. Second,
the implementation of interpretable machine learning models for both classification
and sales forecasting demonstrated how Al can support internal workflows, improve
efficiency, and offer reliable decision support. Finally, model performance was eval-
uated using accuracy, Fl-score, MAPE for predictive tasks, and silhouette score for
clustering. Feature importance enabled a deeper understanding of key drivers and
allowed model reasoning to be compared with real-world business logic.

To conclude, the project demonstrates that machine learning can serve as a
powerful aid in both understanding business data and guiding strategic planning.
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