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Product should-cost estimation is essential for manufacturing industries since it brings a direct 
impact on organizational profitability and strategic sourcing. In practice, the should-cost of a 
product is calculated based on various cost analysis methods which may differ from the actual 
agreement price made between suppliers and purchasers. It possibly results in overpaying for 
the product and losing potential profits during the sourcing process. Therefore, for this thesis 
study, it is needed to develop a costing model that accurately estimates the should-cost of a 
product and visually displays the price difference between the estimated cost and the agree-
ment price. Furthermore, as an outcome of this study, the created model would provide insights 
into the procurement process and give suggestions for making the best purchasing decision. 
 
The concept of should-cost arose as a methodological approach for comparing the price be-
tween the quotation obtained from the supplier and the actual price a product should cost. 
There was relatively limited existing research about should-cost analysis and rare current stud-
ies offered clear suggestions about how should-cost estimation should be implemented. Com-
paratively, there were more appearances of commercial software solutions in the market. There-
fore, the purpose of this study is to implement a general machine learning pipeline for exploring 
the should-cost estimation problem. Additionally, the experiments and analyses were applied to 
the selected product category to ascertain the current cost, and multiple regression models 
were utilized in order to find the linear relationship of the product-related known historical data 
for making cost estimation of possible similar new products in the future. 
 
This study utilizes machine learning models, which include multivariate linear regression, K-
nearest neighbors regression, support vector regression, lasso regression, ridge regression, 
decision tree regression, and random forest regression. Since no machine learning model can 
provide analyses for the cost across all the product categories, these selected models offer the 
benefits of selecting the most suitable approach. In this study, the estimations were made 
based on the characteristics of the particular product category. The original historical data was 
obtained from several data warehouses of the case company. The data was used in the created 
pipelines to make estimations and relevant discussions were made for the model results. The 
evaluation metrics used for evaluating the models in this study include mean squared error, 
mean absolute error, coefficient of determination, and cross-validation. 
 
The result of this study indicated that the lasso, ridge, and random forest regression models 
performed the best results after validation, while the rest exhibited relatively weaker perfor-
mances. This study aimed to make contributions from three perspectives. To begin with, the ex-
isting research and relevant literature were highlighted to satisfy the need to establish theoreti-
cal understandings of models and methods for product cost estimation. Later on, a comprehen-
sive pipeline for data collection, preprocessing, and model training was realized based on the 
necessity of the study. Consequently, statistical interpretation of data and results were exhibited 
for understanding the analyses. Lastly, practical implementations were conducted in this study 
to contribute to the limited research of this topic, such as enhancing the domain of should-cost 
and supporting sourcing to assess the reasonableness of the quoted price from suppliers. 
 

Keywords: product cost estimation, should-cost estimation, machine learning, regression 
model, data exploration, model evaluation, data manipulation, cross-validation 
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1. INTRODUCTION 

1.1 Research background 

 

Product cost estimation (PCE) is an increasingly popular topic in manufacturing indus-

tries which takes a critical role in optimizing production performance and managing ex-

penses. On the one hand, overestimating the product cost may lead to the loss of busi-

ness opportunities; on the other hand, underestimating the cost will result in financial 

losses [1]. It can be said that PCE is closely related to financial efficiency and strategic 

sourcing, especially during the manufacturing and procurement processes. 

 

The concept of should-cost analysis, raised by global management consulting compa-

ny McKinsey [7], is to determine the optimal cost that a product should have. This anal-

ysis becomes especially important in the situation when agreement prices are made 

with suppliers. It usually happens to have a distance between the agreement price and 

what the product is supposed to cost. It functions as a benchmark for evaluating sup-

plier quotations and plays an important role during the strategic sourcing and procure-

ment negotiation processes. The data-supported estimation approach can be realized 

for predicting the should-cost of a new product by utilizing historical data of the same 

product category. As a result, the approach can provide suggestions for reasonable 

costing, and therefore to some extent ensure the positive outcome of negotiation and 

profitability.  

 

This thesis study applied machine learning (ML) methods to analyse the historical data 

collected from several data warehouses from the case company. The feature engineer-

ing methods were applied to the data to create the regression models. The target is to 

make should-cost estimations of an existing product or a new product with various key 

cost drivers. Several ML models were selected for making the product should-cost es-

timation, for instance, multivariate linear regression (MLR) and random forest (RF). 

Through the process of analysing the historical data, the created ML models are 

trained to be able to estimate what a product should cost. The trained model can be 

used as a tool to provide support for purchasers to get cost-saving recommendations 
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when they negotiate the product or service price with suppliers. Furthermore, the esti-

mation result helps to align the predicted price and the agreed price of the specific 

product by referring to historical records and related cost factors. However, the analysis 

process of should-cost can be time-consuming and complicated since it has the pre-

requisite of the domain-related experience of experts [43]. Therefore, the purpose of 

this study is to use ML techniques with the combination of expert judgement to make 

the should-cost estimation efficient and accurate. 

 

 

1.2 Research questions and objectives 

 

In the manufacturing PCE field, expert judgement and historical cost data analysis 

methods are one of the most frequent-applied approaches for determining what a 

product should cost. These methods are established on the basis of the extensive per-

sonal experience of experts and their product-related knowledge from historical pro-

jects. Therefore, these methods are expected to provide valuable understandings of 

cost estimation processes during different periods of a product lifecycle [2]. 

 

Since the PCE knowledge is complicated and the sources are various, there is an in-

creasing recognition of the need to apply advanced technologies to current methods. 

The expert judgement and historical data analysis are known as typical qualitative ap-

proaches [1]. The combination of these two methods provides a general understanding 

of cost drivers [2]. The integration of the qualitative-based methods with the quantita-

tive-based ML techniques is called the mixed approach. It combines the advantages of 

expert judgement method, historical data analysis, and ML techniques, and as a result, 

a more comprehensive and accurate should-cost estimation can be realized. 

 

This mixed approach is regarded to be more convincing when it is applied to products 

with similar product categories. The reason is that no estimation model can satisfy all 

the scenarios in the PCE process. Thus, gathering product data with the same product 

category and focusing on the characteristics of the filtered product group can make a 

greater impact on the estimation results.  
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The research questions of this study include: 

(1) What results does combining ML models with expert judgement have on the accu-

racy of should-cost estimations for specific product categories? 

(2) What are the results of using trained regression models to estimate product should-

cost in strategic purchasing between the purchasers and suppliers? 

(3) Are the quoted prices from suppliers consistent with what products or services 

should cost? 

 

To answer the first research question, the following steps were taken. Firstly, the theo-

ries based on the selected models were studied. Secondly, the costing experts were 

contacted to identify the cost drivers that are most correlated to the product. Thirdly, 

the models were trained with collected data for comparing the estimated prices and ac-

tual prices. Lastly, the realizability and results of this mixed approach were determined. 

 

To answer the second and third research questions, this study has applied the histori-

cal data of a specific product category to train the models. The trained models were 

used for making estimations for the new product when a new product comes with 

needed attributes. This is because products in the same category are usually made in 

a similar way. The estimation provided an initial price for the new product based on 

similar previous manufactured products. As a result, this supports purchasers to make 

judgements of the quoted product cost from suppliers and identify whether the price is 

in line with its actual value. 

 

The main objective of this study is to figure out the ML model that performs the best re-

sult for the product should-cost estimation problem. The selected ML models are ap-

plied to the collected datasets for the comparison of the predicted values with the actu-

al product prices. The result of this thesis study shows the trained models with the 

highest performance and accuracy for supporting price negotiations. Furthermore, this 

study provides practical implications for the topic and makes recommendations for 

similar research in the future. 
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1.3 Scope and delimitations 

 

As mentioned earlier, it is unrealistic to have a prediction model that fits all the product 

categories. By analysing the characteristics of a specific product group through data 

exploration, the created prediction model can achieve higher accuracy and relevance. 

Because products within the same category often share a similar manufacturing pro-

cess, drawing, and cost structures.  Furthermore, similar category items are likely to be 

influenced by a common set of factors, for instance, weight and raw material. These 

factors are expected to have similar impacts across products in the same group.  

 

This specific product category approach focuses on the common factors and learns 

from historical data within this narrower scope. Then the trained ML model can be 

tuned to make more precise predictions and be more adaptable to actual cost drivers. 

 

Hence for this study, the specific pipe clamp product group is chosen as a baseline. 

The analysis starts with pipe clamp historical data for similar category items and uses 

the data to make should-cost estimations of existing items and future new items.  The 

same approach will be further practiced and examined with the product categories such 

as bended pipe and metal sheet. 

 

For this thesis study, the predictive models are trained by utilizing collected historical 

data. It includes various factors that may influence the final product cost. The factors 

include material-related characteristics, design groups, class attributes from drawing, 

and more potential features. However, factors such as raw material trends, labour cost, 

technical values (for instance, bending amount, welding amount, thickness), and gen-

eral manufactural process are excluded from this thesis analysis because those data 

are not available at the moment. 
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2. LITERATURE REVIEW 

To provide solid support for conducting the thesis study, relevant theories are reviewed 

and applied. This chapter clarifies the key information of each knowledge point. In the 

below sub-chapters, Section 2.1 demonstrates an overview of PCE and should-cost, 

Section 2.2 illustrates ML in PCE, and Section 2.3 introduces previously achieved cost 

estimation. 

2.1 Overview of product cost estimation  

 

In the international market, the high intensity of global competition makes manufactur-

ers compete based on product quality, product cost, and market time. Facing the un-

certainty of the organizational and market environment, this study case needs to con-

sider fairness pricing of the components. This means that understanding the cost of 

production, especially the cost of machined parts is crucial for efficient operation and 

competitive production [4], which is also the key discussion point of this study. 

 

Product cost estimation (PCE) is identified as a key concept of this study. It is critical 

for manufacturing since it supports decision-making in the design and development 

phase as well as production and procurement. The reason is that PCE provides the 

fundamentals for pricing strategies and budget planning. In addition, it functions as a 

benchmark for evaluating supplier quotations and plays an important role during the 

strategic sourcing and procurement negotiation processes. 

 

One of the existing research claimed that PCE methods have been categorized and di-

vided into specific sub-methods: (1) intuitive methods, which rely on the experience of 

estimators; (2) analogical methods, which compute the cost of a product to its similar 

one; (3) parametric methods, which use design parameters and equations, and (4) 

analytical methods, which evaluate the cost by breaking down the products into cost 

elements [4]. This thesis puts more emphasis on the first and second methods. 
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Based on the previous work conducted by Ben-Arieh & Qian, further progress and con-

tributions were made by Niazi et al. to this research field. In their research, a compre-

hensive review of PCE techniques was provided with an extensive hierarchical tech-

nique classification [1]. Furthermore, they categorized the PCE techniques into qualita-

tive and quantitative techniques, which are explained in Figure 1. 

 

 

Figure 1. Product cost estimation techniques [1]. 

 

Both quantitative and qualitative techniques are frequently applied in PCE processes. 

One of the main differences is that they are applied at the different stages of product 

development. The former is used more often at the middle and late development stag-

es to provide precise cost estimations, while the latter is already suited for an early de-

velopment stage [3]. Below are definitions and explanations of these two methods. 

  

The qualitative PCE techniques in manufacturing involve activities of comparing a new 

product with previously manufactured ones to identify similarities. Aiming at making 

cost estimations for the new products with similar past designs of it, the comparison ac-

tivities involve several factors. For example, past design, manufacturing data, possible 

known costs of the product, and estimators’ experience. It can be summarized that 

qualitative methods provide initial rough cost estimates during the early design stage 

and can be classified into intuitive techniques and analogical techniques [5] [1]. 

 

The quantitative PCE methods differ significantly from the qualitative methods, in terms 

of the stages when applying the methods. The quantitative methods put more empha-

sis on the detailed analysis of the product’s specific characteristics, design, features, 

and manufacturing process [1] [3]. By using quantitative methods, the costs are calcu-

lated with various product-related parameters to the analytical function or the accumu-

lation of the costs of each resource utilized throughout the entire production cycle.  
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It is regarded that the accuracy of quantitative methods for PCE is typically higher than 

qualitative approaches because it has more reliance on detailed product information. 

Quantitative methods are mainly applied to the final stage of the product design cycle 

due to two aspects. On the one hand, this approach has the requirement for detailed 

design information [5]. On the other hand, it requires understanding the design and fea-

tures of the final product, which is often not able to be attained in the early develop-

ment stage [3]. Furthermore, for the types of quantitative PCE methods can be further 

divided into parametric and analytical techniques. 

 

The term should-cost applied in PCE, is another critical concept of this thesis. It refers 

to the ideal or optimal cost that a product, component, or service should have [7]. It is 

an estimation that combines cost calculation theories and the experience of the ex-

perts. One of the main targets of this study is to give suggestions for strategic sourcing 

and price negotiations, which can be accomplished by applying should-cost analysis. 

This analysis is a critical topic in cost estimation because it helps to evaluate and judge 

the reasonableness of the supplier quotations and it acts as a baseline for making in-

ternal goals and budgets. However, there is a limited amount of research that explains 

the general approach of how should-cost relating to PCE works and provides an empir-

ical example. Furthermore, should-cost analysis is different from traditional cost estima-

tion methods in terms of its emphasis point. While the traditional ones focus on deter-

mining the product cost based on historical data and current price, the should-cost 

analysis emphasizes defining what the cost should be. The should-cost analysis is se-

lected for this study. Because the process of this type of method includes the compre-

hensive analysis of the manufacturing process, the raw material price, the labour mar-

ket price, and other cost drivers. 

 

The target of this study is to predict the should-cost of a product and select the key cost 

drivers based on a similar group of items. These items are selected with the considera-

tion of possible known cost and material-related characteristics data. The factors such 

as labour, raw materials cost, season influence, location, and other things will not be 

considered because these are not currently available. It can be summarized that the 

analyses are conducted by using existing data and considering the previously set 

scope of analyses. The more complicated factors may be verified through Rapidminer 

software as planned. 
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2.2 Machine learning in cost estimation 

 

Machine learning (ML), a subset of artificial intelligence (AI), is the process of training a 

model with massive amounts of data sets. It can create a mathematical relationship be-

tween the training data and the label to make useful predictions. ML can be classified 

into supervised learning, unsupervised learning, reinforcement learning, and generative 

AI based on how they make predictions and generate content. [8] 

 

Supervised learning uses labelled data to map specific features to labels. It trains with 

known correct output to make the prediction and then find the relationships between 

the data and the correct known results. It can be applied to two primary cases, which 

are regression and classification. The regression problems predict numerical values, 

whereas the classification problems predict discrete outcomes to categories. Unsuper-

vised learning makes predictions based on unlabelled data without known correct an-

swers. It uses clustering to categorize related examples (one row of a dataset is an ex-

ample) into groups based on features but no label [9] [10].  

 

Reinforcement learning involves getting rewards and penalties for a training task 

through a loop until it finds out a strategy that gets the most rewards. Generative AI fo-

cuses on creating content from user input, it can generate text, images, or music as 

well as give a summary for provided articles or other human-created content [8]. 

  

As a critical method for conducting cost estimation and product development, ML is 

well known and claimed to be increasingly popular in this field. ML is applied for this 

thesis study since it achieves the necessity to bring historical data into the statistical al-

gorithms for predicting the costs of new products. Analysing past manufacturing data 

enables companies to develop predictive ML models and make it possible to adjust and 

improve over time. As a consequence, these models can handle large data sets with 

multiple input features and identify patterns and trends. Subsequently, the relationships 

between input features and possible known costs can be discovered. 
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Some literature argues about how to develop a successful ML model for cost estima-

tions. It is regarded that success is highly dependent on the quality and relevance of 

the selected input features. In order to be consistent with the literature, this thesis fol-

lows the general key steps: (1) Gathering relevant data; (2) Preprocessing the data for 

cleaning and transforming; (3) Splitting the data into training, testing, and validation 

sets; (4) Training the model and adjusting the weights of attributes; (5) Evaluating the 

accuracy of the model; and (6) Deploying the final model [11] [13]. 

 

There are plenty of discussion about utilizing ML methods for cost estimation purposes 

in existing research. For instance, ML models (such as regression model and RF mod-

el) can be used in automotive industries to predict the cost of automotive parts based 

on input features (for instance, material cost, size, and production volume) in the early 

product design phase [11]. Moreover, ML models can also be used in manufacturing 

industries to predict the cost by analysing 3D computer-aided models with a 3D deep 

learning architecture of machining features of parts [12]. 

 

In conclusion, ML techniques have the capability of analysing historical data and mod-

elling complex problems which hardly can be programmed to provide accurate estimat-

ed values. Therefore, using ML techniques can significantly enhance cost estimation in 

manufacturing. 

 

 

2.3 Related work for cost estimation 

 

In the following sub-chapters, Section 2.3.1 presents a study about PCE in mechanical 

engineering, Section 2.3.2 discussed about PCE in the early design stage of the devel-

opment, Section 2.3.3 illustrates a practical approach to make cost estimation by using 

explainable artificial intelligence, and Section 2.3.4 shows a case study of cost estima-

tions with a linear performance pricing model. 
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2.3.1 Estimating manufacturing costs in mechanical engineer-
ing 

 

Christoph et al. [3] present a novel ML-based method to estimate the manufacturing 

costs in the field of mechanical engineering. It shows precise predictions made in the 

early stage of the product development life cycle are possible by using little-known in-

formation about the final product. However, cost estimation is often associated with 

high uncertainty because of the limited information related to the final product at the 

early development stage. Furthermore, overestimation and underestimation can direct-

ly influence the company's performance and benefits [1]. 

 

This study evaluates extensive cost estimation methods and illustrates that quantitative 

methods often need an adequate understanding of product-specific characteristics. The 

quantitative methods are typically applied during the middle to late stages of product 

development. These are often based on data that is related to previous development 

and are generally utilized during early and middle product development stages. This is 

because most product-related features and advanced designs are gradually finalized at 

the middle and late stages of development, thus the estimations need to be made 

based on previous similar developments in the early stages of development. The eval-

uation results are shown in Figure 2 by utilizing a “+” symbol to indicate the method is 

suitable, a “-” symbol to denote the method is not suitable, and a “o” symbol to repre-

sent applicability under specific conditions. 
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Figure 2. Cost estimation methods evaluation at different phases [3]. 

 

This study utilizes a generic dataset comprising various mechanical domain-specific 

features such as length, weight, machine type, power supply, energy consumption, and 

performance (can be seen in Figure 3). Then the datasets were processed with differ-

ent selected predictive ML algorithms such as linear regression, decision tree (DT), RF, 

K-nearest neighbors (K-NN), and support vector regression (SVR). Furthermore, the 

evaluation of predicted results has been done through root mean squared error 

(RMSE) and mean absolute error (MAE). 

 

 

Figure 3. Feature correlations of the collected dataset [3]. 



12 
 

 

The results indicate that K-NN and linear regression algorithms performed the best with 

prediction accuracy. However, the size and balance of the training data set for an algo-

rithm to learn is a problem in estimating the costs. 

 
 

2.3.2 Estimate product costs in the early design stage 

 

Frank and Jörg [11] conducted a comprehensive study regarding estimating accurate 

product costs at the early design stage of the development. The study applied different 

potential ML techniques with the real-world data collected from an Original Equipment 

Manufacturer (OEM).  

 

The collected data used in this study is saved at OEM by using “Siemens Teamcenter 

Product Cost Management” software. The data contains wheel cost data of 1340 au-

tomobiles. The researchers also mentioned what data to be explored in the ML model, 

which includes basic data (such as product lifetime, and location), material-related data 

(for instance, quantity, weight, and raw material price), manufacturing steps, assembly 

steps, process steps and so on. 
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Figure 4. Machine learning pipeline for the cost prediction [11]. 

 

The designed ML pipeline in this study can be seen in Figure 4, which includes data 

collection, data preprocessing, feature engineering, train-test data split, and evaluation. 

The model used in this study includes linear regression, SVR, DT, ensemble, artificial 

neural networks, and K-NN. The performance metrics of used algorithms from this 

study show a high R2 score, which indicates all the involved ML algorithms make esti-

mations with high accuracy. In addition, the study points out that the challenge of PCE 

is to get good quality and quantity of training data, and a more consistent database can 

comprehensively improve the predictive power of the model. 

 

 



14 
 

2.3.3 Cost estimation with explainable artificial intelligence 
 

 

The study conducted by Soyoung and Namwoo [12] experienced a deep learning-

based explainable AI (XAI) approach to make manufacturing PCE process for known 

3D computer-aided design (CAD) models. In addition, they tried to visualize the ma-

chining features from the model to understand which feature has the most critical im-

pact on manufacturing cost. As the designer might not have domain-specific knowledge 

directly to the cost estimation, the aim of this study is to inform the designer which part 

of the CAD drawing needs to be modified to reduce the manufacturing cost. 

 

 

Figure 5. Research Framework [12]. 

 

The proposed process from this study is shown in Figure 5 which contains: 

1) Data collection and preprocessing: from which the machining parts data such 

as 3D CAD drawing, cost, volume, and material were gathered and pre-

processed to be used as input to the deep learning model. 

2) Exploration for 3D deep learning architecture: from which the various cost pre-

diction architectures have been evaluated and the best model will be selected 

after the evaluation. 
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3) Visualization and explanation for the result: from which the 3D gradient-weight 

class activation mapping (Grad-CAM) is executed to interpret and explain the 

result of predicted cost. 

 

 

Figure 6. Service scenarios [12]. 

 

A use case of this study can be seen in Figure 6, which shows that designers can input 

3D CAD drawings into the created model that automatically transfers the drawing into 

voxels. Then the model finds areas that impact the manufacturing cost visually so that 

designers know which part potentially affected the cost.  

 

 

2.3.4 Linear performance pricing to predict optimal price 

 

Tanak and Yilmaz [14] showed a case study that used the linear performance pricing 

(LPP) method to determine the correct price for a product or part, and finally beneficial 

to procurement saving, purchasing, and price processing by altering the product cost to 

its optimal price. This study mentioned the cost-saving strategy LPP model, which was 

originally developed and introduced by consulting company McKinsey. The model al-

lows companies to negotiate the reduced cost of an identified material (parts belonging 

to the same type of material group) as well as helps suppliers adjust the price and pro-
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cess. A similar study also shows that LPP is beneficial for negotiating the cost for cur-

rently purchased or newly redesigned parts by utilizing a series of regression analyses 

with measured performance metrics [15]. The performance coefficients represent the 

contribution margin of each performance index (for instance, weight, quantity, diame-

ter) to the price of the product. 

 

 

Figure 7. Linear Performance Pricing [15]. 

 

In Figure 7, it demonstrates the general LPP structure. For instance, consider an avail-

able product with a variety of models from vendors. This happens under the circum-

stance of the plotted graph about the price of each model versus performance metrics 

(key drivers like diameter, complexity, and quantity). At this moment, a linear relation-

ship comes up with some model’s prices above and below the line. The red dashed line 

is demonstrated as the best-practice line and the black solid straight line is shown as 

the market line [15].  

 

The dataset applied in this study was gathered from the purchasing department of an 

OEM company to determine the optimal price for connection materials (fittings). The 

main criteria that affect the price are determined by the purchasing expert of the com-

pany, for instance, the key cost drivers used for this study include weight, quantity (an-

nual consumption amount), and diameter. This study mentioned that they first used the 

LPP method to determine fasteners from certain group out of in total 1000 types of fas-

teners. Then the optimal cost is determined for the products that belong to the same 

group and verified with fuzzy logic. 
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The result from this study shows that the LPP is used in the supply chain network and 

other fields by sourcing or purchaser to analyse the relationship between vendor and 

OEM, and the relationship between performance metrics of product and cost. It is ben-

eficial for cost saving, price negotiation, and determining the best price.  
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3. METHODOLOGY  

This chapter discussed the selected regression models based on previous literature. 

The thesis aims to estimate the should-cost of a product with machine learning models. 

Thus, the most common approaches are applied in the thesis. The models are intro-

duced in each section of this chapter sequentially, which include K-nearest neighbors 

regression, linear regression, support vector regression, lasso regression, ridge re-

gression, decision tree regression, and random forest regression. 

3.1 K-nearest neighbors regression 

 

The K-Nearest Neighbors (K-NN) is known as a supervised ML algorithm, and it is 

commonly applied in classification and regression tasks. The K-NN is selected for this 

study since there is a popularity to apply this method in manufacturing industries and 

machine engineering [16]. When applying the K-NN algorithm to classification tasks, 

the main aim is to get the label that is classified from its neighbors through a voting 

technique. In this situation, the voting technique selects the most frequent label from its 

nearest neighbors as the output. While utilizing K-NN for regression problems, the label 

is typically found out by the average value of its nearest observations [17]. 

 

For this study, the purpose is to use the ML models in regression problems, thus K-NN 

is applied with the target of predicting the cost of a product. The steps for K-NN regres-

sion can be demonstrated as follows: 

 

• Computing the distance from the observations to the target data point. 

• Sorting the computed distance with an ascending order  

• Finding an optimal K value with cross-validation (CV) and learning curve.  

• Returning the average value of K nearest observation as a prediction  

 

The distances between the observations and target data point are calculated by (1) 

choosing a proper similarity measurement to compute the distance (such as cosine 

similarity), or (2) selecting a suitable distance metric (such as Euclidean distance and 
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Manhattan distance). The Euclidean distance metric is the most frequently used dis-

tance function. The general form of the function in n-dimensional Euclidean space can 

be written as [18] [19]:  

 

𝑑(𝓍,𝓎) = √(𝓍1 − 𝓎1)
2 + (𝓍2 − 𝓎2)

2 + ⋯+ (𝓍𝓃 − 𝓎𝓃)2  =  √∑(𝑥𝑖 − 𝑦𝑖)
2

𝑛

𝑖=1

(1) 

 

where 𝓍 and 𝓎 are two points of cartesian coordinates, 𝓍1, 𝓍2,⋯ , 𝓍𝓃 are the record of 

variables for the first point, and 𝓎1, 𝓎2, ⋯ ,𝓎𝓃 are the record of variables for the second 

point. 

 

Concerning the interpretation of hyperparameter K in K-NN models, it refers to the 

number of the nearest neighbors of the specific data point. For a specific ML problem, 

the choice of K represents the trade-off between overfitting and underfitting of the 

models. Moreover, the optimal value of K can be found by using CV [19]. The meaning 

of the value can be understood in the following ways. A small K value may potentially 

lead to overfitting because the target point closely follows the training data. A large K 

value can result in underfitting because the model cannot learn the training data cor-

rectly [20]. In addition, it may also be possible that a smaller value of K tends to result 

in high variance but low bias, while a larger value of K may lead to lower variance but 

high bias [21].  

 

 

3.2 Linear regression 

 

Linear regression (LR) is a fundamental statistical ML model, which tries to estimate a 

linear relationship between (one or more) independent and dependent variables under 

supervised learning [22]. The case with only one independent variable is defined as 

univariate linear regression; for the case of more than one independent variable is 

named as multivariate linear regression (MLR). 
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In the univariate linear regression model, the analysis takes an independent variable 

(regressor) to predict the dependent variable (response). The model equation can be 

explained as: 

 

𝓎𝒾 = 𝛽0 + 𝛽1𝓍𝒾 + 𝜖𝑖 (2) 

 

where 𝓍𝒾 refers to the independent variable, 𝓎𝒾 refers to the dependent variable, and a 

collection of datasets can be denoted as (𝓍𝒾, 𝓎𝒾). The 𝛽0 is the intercept, 𝛽1 is known 

as the slope or the coefficient term, and 𝜖𝑖 refers to the unknown random component to 

handle residues. In addition, the residue is the difference between the estimated values 

and actual observed values. 

 

Suppose the value of independent variable 𝓍𝒾 is fixed, the random component 𝜖𝑖 of the 

defined univariate linear regression function indicates the property of dependent varia-

ble 𝓎𝒾 [23]. 

 

In the MLR model, more than one independent variables are involved to form the mod-

el. The unknown coefficients 𝛽0, 𝛽1, … , 𝛽𝓀 imply the linear relationship of the model and 

the equation for 𝓀 regressor variables can be written as: 

 

𝓎 = 𝛽0 + 𝛽1𝓍1 + 𝛽2𝓍2 + ⋯+ 𝛽𝓀𝓍𝓀 + ϵ (3) 

 

The MLR commonly be rewritten into a matrix notation [23]: 

 

𝓎 = X𝛽 + 𝜖 (4) 

 

𝓎 =   [

𝓎1

𝓎2

⋮
𝓎𝓃

] , 𝑋  =   [

1 𝓍11 𝓍12 ⋯ 𝓍1𝓀

1 𝓍21 𝓍22 ⋯ 𝓍2𝓀

⋮ ⋮ ⋮ ⋱ ⋮
1 𝓍𝓃1 𝓍𝓃2 ⋯ 𝓍𝓃𝓀

] , 𝛽  =   [

𝛽0

𝛽1

⋮
𝛽k

] , 𝜖  =   [

ϵ1

ϵ2

⋮
ϵ𝓃

]  (5) 
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where 𝓎 is an 𝓃 x 1 vector that represents the observation or dependent variable, 𝑋 is 

an 𝓃 x 𝓀 matrix that contains all the inputs for the model, 𝛽 is a 𝓀 x 1 vector that repre-

sents for model parameter or regression coefficient, and an 𝓃 x 1 vector 𝜖 which repre-

sents for random errors vector. In addition, the value of 𝓃 indicates the number of ob-

servations or sample size, and 𝓀 indicates the number of regressor variables. 

 

Notation β̂ is used to represent the estimator for 𝛽, and it estimates all the parameters 

in the model. The 𝑦̂ represents the predicted value, and the model residue 𝜖 equals the 

observed value 𝓎 minus the predicted value 𝑦̂.  

 

𝜖 =  𝓎 −  𝑦̂ (6) 

 

Hence, the equation can be rewritten as: 

 

𝑦̂ = 𝑋β̂ (7) 

 

The least squares estimator aims to minimise the square of residual 𝜖 and it is often 

used to find out the intercept 𝛽. Since minimizing the sum of squares of residuals from 

𝒾 equals 1 to 𝓃, is the same as minimizing the transpose of ϵ times ϵ. Therefore, the 

transpose of ϵ would be a 1 x 𝓃 vector and the equation of the sum of squares can be 

written as: 

 

∑ϵ𝑖
2

𝑛

𝑖=1

=  ϵ′ϵ  = (𝓎 − ŷ)′(𝓎 − ŷ) = (𝓎 − 𝑋β̂)
′
(𝓎 − 𝑋β̂) (8) 

 

The derivative of the function is taken regard to the β̂ and the value is set to 0 in order 

to find out the β̂: 

∂

∂ β̂
(𝓎 − 𝑋𝛽̂)

′
(𝓎 − 𝑋𝛽̂)  =  0 (9) 

 

As a result, the least squares estimator 𝛽̂ can be simplified as: 
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𝛽̂ = (𝑋′𝑋)−1𝑋′𝓎 (10) 

 

where (𝑋′𝑋)−1 is the inverse matrix of 𝑋′𝑋 and 𝑋′ is the transpose matrix of 𝑋 [24]. 

 

 

3.3 Support vector regression  

 

Support Vector machine (SVM) is one of the supervised algorithms that can be used 

for both classification and regression problems. The SVM can perform linear or non-

linear based on selected kernel functions [28].  

 

 

Figure 8. Support vector machine trained with two sample classes. (a) Maximum-
margin hyperplane and margins for an SVM. (b) Hyperplanes to separate the classes 
[25]. 

 

In support vector classification (SVC) problems, the purpose is to find a hyperplane that 

gives the largest margin geometrically by maximizing the perpendicular distance of the 

support vectors to optimize the classification. The above figures explain the concept of 

SVC, which can be understood in the following way. In Figure 8 (a), there are two fea-

tures 𝓍1 and 𝓍2, and the target variable consists of two classes represented with blue 

and green circles. The example hyperplane splits the sample points into two parts 

(a) (b) 
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properly with the maximum margins. When it comes to Figure 8 (b), there are example 

lines H1, H2, and H3. The line H3 is considered the best hyperplane since it can give 

the maximum geometric distance with the support vectors. In addition, the sample 

points located on the margin (points on the dashed line) are called support vectors that 

indicate the structure of the SVM. 

 

 

Figure 9. Hyperplanes in different dimensions [27]. 

 

The hyperplane discussed above is a subspace that has one less dimension than its 

ambient space. Figure 9 demonstrates how a hyperplane separates a space with n di-

mensions into two sides. There are different hyperplane understandings when consid-

ering different dimensions. When the space is regarded as a two-dimensional ambient 

space, any lines work as the hyperplanes for dividing the ambient space into two sepa-

rate parts. Similarly, when the space is considered as a three-dimensional ambient 

space, any two-dimensional space functions as the hyperplanes for separating the am-

bient space into two identical parts. By following this logic, when the space is defined 

as a n-dimensional ambient space, any (n-1)-dimensional space performs as the hy-

perplanes for splitting the ambient space into two different parts. Moreover, a single 

point is a hyperplane when the ambient space is a 1-dimensional line. However, the 

hyperplane that separates the ambient space into two may not be possible to find in a 

given dimension space. Therefore, kernel tricks are commonly used in SVM to increase 

the dimension of the ambient space to find a suitable hyperplane. 
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Figure 10. A typical regression of SVR [26]. 

 

In support vector regression (SVR), the aim is to find the best-fit flat hyperplane so that 

the majority of the training samples are within the margins. The role of margin in a re-

gression problem behaves differently than it behaves in a classification problem. It 

functions as a decision boundary, and it is defined by the value of epsilon (epsilon indi-

cates the tolerance level). As shown in Figure 10, the maximized training samples lo-

cated inside the upper and lower boundaries will be avoided from outlier inclusion. 

 

The SVR can use different types of linear and non-linear kernel functions to transform 

input vectors into the required type of processing data [28]. Moreover, the linear, poly-

nomial, and Gaussian are commonly used functions in kernel tricks. For this study, 

SVR with linear kernel is used which is a dot product between two input vectors [30]: 

 

y = ⟨ω, 𝑥⟩ + b, ω ∈ Rn, b ∈ R (11) 

 

where the ⟨ω, 𝑥⟩ illustrates the dot product, the 𝜔 means the weighted vector, constant 

b is an unknown bias, and a real coordinate space of dimension n is denoted as Rn. 

 

The distance L between the support vectors is written as: 

 

𝐿 =
2

‖𝜔⃗⃗ ‖
(12) 
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To maximize distance L between margin, which is equivalent to minimize a monotone 

function of weight:  

 

1

2
‖𝜔‖2 (13) 

 

The constraints show that all the sample points must located within the margin: 

 

{
𝑦𝑖 − ⟨𝜔, 𝑥𝑖⟩ − 𝑏 ≤ 𝜀
⟨𝜔, 𝑥𝑖⟩ + 𝑏 − 𝑦𝑖 ≤ 𝜀

(14) 

 

where 𝑦𝑖 means observations either above or below the prediction line, the predicted 

value is ⟨𝜔, 𝑥𝑖⟩ + 𝑏, and the margin is defined by 𝜀.  

 

The existing constraints are supposed to be defined to allow all the sample points to be 

located inside the margin. However, it may not be possible to satisfy the conditions for 

all the training sample points. As a solution, the slack variable 𝜉 is applied to deal with 

these unrealizable cases in an optimization problem [29]. The sample points outside 

the margin are called slack variables, which gives the error allowance of the regression 

error to exist up to the value of 𝜉. After utilizing the slack variables 𝜉𝑖 and 𝜉𝑖
∗ to the op-

timization problem, the problem changed to minimize the weight append with the sum-

mation of all the slacks: 

1

2
‖𝜔‖2 + 𝐶 ∑(𝜉𝑖 + 𝜉𝑖

∗)

𝑁

𝑖=1

(15) 

 

The constraints are slightly changed after taking consideration of slack variables: 

 

{

𝑦𝑖 − ⟨𝜔, 𝑥𝑖⟩ − 𝑏 ≤ 𝜀 + 𝜉𝑖

⟨𝜔, 𝑥𝑖⟩ + 𝑏 − 𝑦𝑖 ≤ 𝜀 + 𝜉𝑖
∗

𝜉𝑖 , 𝜉𝑖
∗ ≥ 0

(16) 
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The hyperparameter C is a regularization constant, which balances the trade-off be-

tween flatness and the amount of tolerated deviation [29, 30]. For instance, giving a 

larger value to the tuneable parameter C makes the model not allow slack variables or 

the slack variables should be smaller in the minimization problem.  

 

 

3.4 LASSO regression  

 

LASSO (Least Absolute Shrinkage and Selection Operator) regression is a regularized 

linear regression method extended from ordinary least squares (OLS), which added an 

L1 penalty to the residual sum of squares (RSS) [31]. It is commonly used for feature 

selection because it shrinks parameters associated with less important features to ze-

ro. Thereby, it removes features that are not important in explaining the target variable.  

 

The RSS tries to sum the squares of the residual difference between the actual value 

𝑦𝑖 and the predicted value: 

 

𝑅𝑆𝑆 = ∑(𝑦𝑖 − (β0 + β1𝑥𝑖,1 + β2𝑥𝑖,2 + ⋯+ β𝑗𝑥𝑖,𝑗))
2

𝑛

𝑖=1

(17) 

 

The coefficient estimator 𝛽̂𝑙𝑎𝑠𝑠𝑜 in lasso can be calculated by the minimization of RSS 

with the constraint condition [32]: 

 

β̂lasso = argminβ ∑(yi − β0 − ∑xi,j

p

j=1

βj)

2
n

i=1

   𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜    ∑|β𝑗|

𝑝

𝑗=1

≤ t (18) 

 

where the constant t defines the regularization, and it should be chosen adaptively to 

minimize the estimate of the expected prediction error [33]. 
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By utilizing this approach to find the 𝛽𝑗 that minimizes RSS, the more features used in 

the model, the smaller the training error will behave. However, it will relatively increase 

the complexity of the model. To solve this problem, the absolute magnitude value of the 

β𝑗 is appended after the original formula as a penalty term (L1 regularization): 

 

β̂𝑙𝑎𝑠𝑠𝑜 = argmi𝑛β (
1

2
∑(𝑦𝑖 − 𝛽0 − ∑𝑥𝑖,𝑗

𝑝

𝑗=1

𝛽𝑗)

2
𝑛

𝑖=1

+ 𝜆∑|𝛽𝑗|

𝑝

𝑗=1

) (19) 

 

The newly added term to the equation gives a penalty for the model, meaning a large 

number of variables can make the sum of values of the 𝛽 result in a higher penalty.  In 

addition, a two is sometimes added to the denominator in the front for a computational 

reason and mathematical convenience, as it will be cancelled out after the derivative. 

 

Then it comes to the interpretation of the tuning parameter 𝜆 in Equation 19. The value 

of it indicates the amount of shrinkage. It is usually estimated by CV with a range of 

possible options to find the optimal parameter [31] [33]. The tuning parameter 𝜆 is tak-

ing an important role as an influential factor in the result. If 𝜆 is small and reaches zero, 

then the lasso regression will be identical to OLS, and no penalty is added to the mod-

el. Similarly, a higher 𝜆 can make the penalty term get bigger and increase the bias.  

 

 

3.5 Ridge regression 

 

The equation of ridge regression is similar to lasso regression, the only difference is 

that the L1 lasso penalty is replaced by the L2 (the squared magnitude of the 𝛽𝑗) ridge 

penalty in ridge regression [33]: 

 

𝛽̂𝑟𝑖𝑑𝑔𝑒 = 𝑎𝑟𝑔𝑚𝑖𝑛𝛽 (∑(𝑦𝑖 − 𝛽0 − ∑𝑥𝑖,𝑗

𝑝

𝑗=1

𝛽𝑗)

2
𝑛

𝑖=1

+ 𝜆∑𝛽𝑗
2

𝑝

𝑗=1

) (20) 
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In addition to the difference that appeared from the equation perspective, they also be-

have differently in terms of how they process input features for the model training. Las-

so regression tends to exclude useless features, while ridge regression keeps all fea-

tures even if some are irrelevant. In the situation when useless features can be re-

moved from the model, the lasso regression tends to be a relatively good option. How-

ever, if there is a group of good features that are highly correlated, lasso regression 

tends to select only one of the features from the group. In this case, ridge regression 

can work as a better alternative since it keeps all the features in the model. This can be 

further proved in the later Chapter 5.3.4 with the visualization of the generated feature 

importance of lasso and ridge regression models. 

 

 

3.6 Decision trees  

 

The decision tree (DT) is a tree-like supervised ML model, which can be utilized for 

both regression and classification tasks. In a DT classification problem, the DT is going 

to predict a discrete value and have a discrete category in the leaf. Whereas in a DT 

regression problem, a continuous value will be the prediction [34] [42]. There are vari-

ous DT algorithms such as ID3 (Iterative Dichotomiser 3), C4.5 (the successor to ID3), 

and CART (Classification and Regression Trees) [35].  

 

Both ID3 and C4.5 are developed by Ross Quinlan. The ID3 is used for classification 

problems with categorical features. The basic structure of the ID3 algorithm is iterative. 

It generates a top-down multipath tree, which recursively divides the features into mul-

tiple groups in a greedy approach [36]. It is suitable for datasets that contain large 

amounts of objects, but the tree might be overfitted when training with a small sample-

sized dataset [37]. The C4.5 is an extension of the ID3, and it improves upon ID3 by 

handling continuous data, allowing unknown values, considering attribute weights, and 

pruning the tree after creation [38]. 

 

The CART refers to classification and regression trees. It is similar to C4.5, but it is un-

like in that CART supports regression problems [35]. In DT, a root node represents the 
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entire features being analysed, an internal node shows one of the splitting rules based 

on an attribute, and a leaf node (terminal node) represents a specific division area de-

termined by the splitting rules along the way [38] [39]. The CART creates a binary DT 

by dividing the features into certain subsets at each node and making a prediction by 

moving from the root node to the leaf node [38]. 

 

In this thesis study, the DT regressor from the scikit-learn library is used to construct a 

tree-like structure and make predictions for numerical output. In addition, the imple-

mentation of DT regressor in scikit-learn uses an optimized version of the CART algo-

rithm [35]. 

 

For the CART regression tree, it finds the best-split condition that minimizes the impuri-

ty of the child nodes the most [40]. The commonly used impurity functions include the 

sum of squared deviations about the mean, the sum of squared prediction errors, and 

the sum of absolute prediction errors [40, 41]. 

 

Figure 11. Sketch of simplified tree-growing algorithm [41]. 

 

Figure 11 demonstrates a simplified algorithm sketch for DT growing without being 

over-complicated with the core details of the CART regression tree. The CART uses 

the least squares and mean absolute deviation criterion [45]. The least squares regres-

sion tree (LSRT) is one of the most used regression tree models, which chose the split 

by minimizing the least squares error. It begins from the root node with a list of predic-

tors (features). It recursively tries different thresholds for one predictor and calculates 

the average of the squares of the residuals to pick the threshold that gives the smallest 

result. The minimized split threshold value with the least square option can be ex-

plained as [44]: 
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𝑅(𝑡) =
1

𝑛
∑(𝑦𝑖 − 𝑦(𝑡))2
𝑛

𝑖=1

(21) 

 

where y is the mean of the dependent variable, and n is the number of observation 

samples in the 𝑡th subset. The 𝑦 value at any node can be replaced by regression 

model 𝑓(θ, 𝑥𝑖) with samples ⟨𝑥i, yi⟩, where 𝑥i represents for a set of independent varia-

bles, yi represents for a set of dependent variables, and θ represents for a set of pa-

rameters [44] [45]: 

 

𝑅(𝑡) =
1

𝑛
∑(𝑦𝑖 − 𝑓(θ, 𝑥𝑖))

2
𝑛

𝑖=1

(22) 

 

The best threshold of this specific predictor becomes one candidate option for the root 

node of the tree. Then the same process is repeatedly applied to the rest of the predic-

tors and the one with the lowest error value will be picked as the root node.  

 

After the root node is formed, the process recursively splits the node into a maximum of 

two child nodes based on the best predictor and split condition [46]. The splitting pro-

cess reduces the impurity of the nodes, the best-split condition can be found by calcu-

lating which split options may decrease the impurity of the child nodes the most. The 

scikit-learn DT regressor determines the split commonly with lease squares error 

(LSE), MSE, Poisson deviance, and MAE [35]. Then the observation samples split to 

the left side if a specific feature is less than the threshold and the rest to the right side. 

The splitting rule is applied for all the remaining nodes repeatedly until the rule no 

longer splits the samples into smaller groups, and then a completed regression tree is 

formed. 

 

In addition, stopping the split from a node when a minimum number of observation 

samples is reached helps to prevent overfitting problems from the model, and the node 

thereby changed to a leaf node. The reason is that a deep splitting tree can fit the train-

ing data perfectly but not perform well with testing data.  
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The regression tree models are built with input training samples that are used to make 

estimations of the new sample. The model applies suitable splitting rules, and the new 

sample at the end reaches one of the leaf nodes. The prediction value is represented 

by the average value of all observation samples that are located in the specific final leaf 

node [44]. 

 

 

3.7 Random forests 

 

The random forest (RF) is an ensemble of the DTs, that combines tree predictors 

ℎ(𝑥; 𝜃𝑘), 𝑘 =  1, … , 𝐾 such that each tree is created using a random vector  𝜃𝑘 sampled 

independently of the observed input vector 𝑥 [47] [48].  

 

The accuracy of RF is improved from the created ensemble of trees by using random 

combinations of features at each node of a grown DT. [49]. To create these ensembles, 

bagging (bootstrap aggregating) is often used to train each tree with a different random 

dataset of examples from the training set [50]. The steps to train the RF includes [51]: 

 

1) Creating a bootstrapped dataset by randomly selecting the samples of the orig-

inal dataset, from where the same samples are allowed to be picked more than 

once. 

2) Building the DT by using the bootstrapped dataset but only considering a ran-

dom subset of features (columns) at each step. 

3) Repeating the above two steps by bagging a new dataset and building a tree 

with a random subset of features at each step. 

 

This thesis study focuses on regression problem, which randomly select a combination 

of features at each node to grow a tree. With regression setting, the RF prediction can 

be illustrated as the unweighted average over the created DTs collection [47]: 
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ℎ(𝑥) =
1

𝐾
∑ ℎ(𝑥; 𝜃𝑘)

𝐾

𝑘=1

(23) 

 

The new observed sample passes through all the trees created by RF with the bagging 

technique and aims for a numerical outcome. Typically, about 67% of the original da-

taset is used for bagging and put into the bootstrapped dataset. The remaining 33% of 

the data, which are not located in the bootstrapped dataset, are called out-of-bag (out 

of the bootstrap sampling) [48]. The out-of-bag samples can be put into the model and 

passed through all the trees that were created without them. The incorrect prediction 

compared to the ground truth is called out-of-bag error. In addition, the predicted out-

come for the classification problem will be the most voted option as a result. 
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4. DATA PREPARATION 

This chapter includes data collection, data preparation, exploratory data analysis, and 

feature engineering.  

4.1 Data collection 

 

As shown in Figure 12, the target product category collected for this study is the pipe 

clamp which includes one pipe-type and two pipe-type. The key cost drivers and attrib-

utes related to the target product category are identified by experts with the expert 

judgement approach. After identifying an appropriate range of the relevant variables, 

the determined data fields or columns are gathered from various tables or views of data 

warehouses with the consideration of schema and data structure. The original upper 

data sources include an Oracle-based data warehouse and a PostgreSQL-based data 

warehouse. 

 

(a) (b) 

Figure 12. Pipe clamp from engineering drawing. (a) Pipe clamp with one pipe-
type. (b) Pipe clamp with two pipe-type. 
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The data used in this study are collected from the above-mentioned data warehouses. 

In order to sort out the data, several steps are undertaken for this thesis analysis. First, 

the datasets are gathered from multiple databases of the case company, and then the 

data types are transformed and aligned into the correct ones. Finally, the datasets are 

merged into a unified data format for conducting further experiments and analyses. For 

this study, the Pandas DataFrame data structure is selected for processing the re-

trieved data. The retrieved data contains two entities: (1) the characteristics of the tar-

get product category (shown in Table 1), and (2) the class attributes of the target prod-

uct category (shown in Table 2). 

 

Table 1. Variables table based on characteristics of target product category. 

Variables  Type Description 

MAT_ID Categorical Material ID 

AGREEMENT_NO Categorical Agreement number in SAP 

ORDERED_PCS_12_MONTHS Numerical Ordered in the past 12 months 

AGR_UNIT_PRICE Numerical Agreement unit price 

PO_NET_PRICE_PER_PC Numerical Purchase price per piece 

MOVING_AVERAGE_PRICE Numerical Moving average price 

SCALE_PRICE_EUR_PER_PC Numerical Scale price per piece in EUR 

SCALE_QUANTITY Numerical Scale quantity 

VEND_ID Categorical Id of vendor 

VEND_NAME Categorical Name of vendor 

COUNTRY_ID Categorical Country ID 

PURCHASER Categorical Purchaser 

PURCHASING_CATEGORY Categorical Purchasing category 

CATEGORY_MANAGER Categorical Category manager 

LOCAL_CURRENCY_UNIT Categorical Local currency unit 

MAT_NAME Categorical Material name 

MATERIAL Categorical Material description 
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DIMENSIONS Categorical Dimension of item 

WEIGHT_NETTO Numerical Component net weight 

SHOULD_COST Numerical Calculated should-cost 

PLANT_ID Categorical Plant ID 

 

 

Table 2. Variables table based on class attributes of target product category. 

Variables Type Description 

S Numerical Slot width 

E1 Numerical Bolt hole positioning distance from left surface 

E2 Numerical Bolt hole positioning distance across width 

H Numerical Overall height 

B Numerical Pipe hole centre distance from bottom surface 

L1 Numerical Overall length 

L2 Numerical Distance between two bolt holes centreline 

D2 Numerical Bolt hole diameter 

OD Numerical Pipe hole diameter 

OD1 Numerical Pipe hole diameter (first from right side) 

OD2 Numerical Pipe hole diameter (second from right side) 

W Numerical Width 

 

 

4.2 Data cleaning 

 

Data cleaning is a process for addressing and correcting any mistakes from the dataset 

to ensure the data is in high quality and suitable for analysis. The common options to 

handle the data cleaning include: (1) ignoring or deleting the mistake data; (2) replacing 

or correcting the missing value; and (3) imputing with reasonable value [53]. 
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The data density of the collected product category dataset is visualized by using Miss-

ingno, which is a Python package designed for visualizing missing values and visually 

identifying the data completion [52]. The features MAT_ID, MAT_NAME, DIMEN-

SIONS, and WEIGHT_NETTO appear to be dense as they are the basic information of 

an item. However, other features of characteristics and class attributes exhibit signifi-

cant missingness.  

 

 

Figure 13. The data-dense display created with Missingno. 

 

The data-dense display illustrates the extreme sparseness of the collected data in Fig-

ure 13, which contains many missing values in several selected variables. In general, 

there are three missingness patterns for the missing value imputation: (1) missing 

completely at random; (2) missing at random; and (3) missing not at random [54]. For 

this study, the missing values are considered as “missing at random” because the 

characteristics of a product can be without any information and the class attributes of a 

product can be also missing. 

 

Data imputation is a common way to fill in missing value, which can potentially improve 

the quality of a sparse dataset with proper imputation methods. There are several na-

tive imputation methods which include [55] [54]: 
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1) Filling the missing value with a known value such as zero. 

2) Filling in missing values with column-wise mean or median for numerical col-

umns and most frequent value for categorical columns. 

3) Imputing missing value by K Nearest Neighbors of the observation. 

 

For this study, the missing values of a specific product category cannot simply be im-

puted by means or probabilities. This is because the technical values may not be suita-

ble for these methods. Therefore, the rows-wise missing values are considered for re-

moval. The further analyses are based on the data which are possible to use. However, 

the limited data amount of the target product category after data cleaning may poten-

tially cause the problem of overfitting, wherein the trained model may show strong per-

formance for smaller known data but result poorly with larger unknown data. For this 

reason, the cross-validation technique is used to prevent overfitting in a small dataset. 

 

 

4.3 Feature engineering  

 

Feature engineering in ML models aims to design smart features by adjusting the exist-

ing features with transformation techniques or creating new features for modelling. It 

helps the ML algorithm to understand the input features and it is commonly utilized af-

ter data collection and data cleaning process [56].  The feature in ML represents a cer-

tain property of the observations and can mainly be divided into numerical features and 

categorical features. In Figure 14, the most commonly used normalization techniques 

for numerical features are linear scaling, clipping, log transformation, and Z-score [57].  

 

 

4.3.1 Transforming numerical feature 

 

The linear scaling transforms numerical feature values from the actual range to a 

standard range, and the transformed range is typically between 0 and 1 (or -1 to +1) to 
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ensure that all features are located on a fixed scale.  The equation of linear scaling can 

be explained as [57]: 

 

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 = (𝑋 − 𝑋𝑚𝑖𝑛)/(𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛) (24) 

 

where the 𝑋 refers to the feature in the dataset. The scaling can be applied when the 

maximum and minimum bounds of the dataset are identified, and the dataset exists on-

ly a few outlier observations. 

 

The feature clipping is used in normalization to handle extreme outliers by capping all 

extreme values above or below a specific value to a fixed value. For instance, clipping 

can be performed and set to exactly 35, when the collected values of a room tempera-

ture feature exceed 35 degrees Celsius. The log (logarithm) scaling is used to trans-

form the numerical feature to its logarithm value, which is commonly applied when the 

distribution of a specific feature conforms to power law [57]: 

 

𝑋𝑙𝑜𝑔 = 𝑙𝑜𝑔𝑏(𝑋) (25) 

 

where the 𝑏 represents the logarithm base, and 𝑋𝑙𝑜𝑔 is the transformed value. 

 

The Z-score represents the number of standard deviations of a particular data point 

from the population mean. It can be used when feature distribution contains only a few 

extreme outliers, and the formula can be explained as [57]: 

 

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 = (𝑋 − μ)/σ (26) 

 

where 𝜇 represents the mean and 𝜎 represents the standard deviation. 
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Figure 14. Summary of normalization techniques [57]. 

 

 

4.3.2 Transforming categorical feature 

 

The categorical features in the collected dataset are variables that represent discrete 

entities [58]. These features do not behave in an ordered numeric relationship, and 

each unique value of a categorical feature is called a category [59]. The common en-

coding methods contain one-hot encoding, target encoding, and label encoding. 

 

The one-hot encoding represents each category in a categorical feature as a vector. 

The encoding process can be explained as follows. Assuming 𝑥 is a discrete categori-

cal feature with 𝑛 unique values 𝑥1, 𝑥2, … 𝑥𝑛. The encoded vector for value 𝑥𝑖 contains 

zero for every category except the 𝑖th category, which contains one as a value [61]. For 

instance, an arbitrary categorical feature contains values ‘a’, ‘b’, and ‘c’. The one-hot 

encoding can transform these values into (1, 0, 0), (0, 1, 0), and (0, 0, 1). 

 

The target encoding transforms the observation value in a certain categorical feature 

based on the mean value of the target variable [60]. While the label encoding method 

tries to replace every category value of a categorical feature with any distinct value 

[61]. For instance, a categorical feature with values {“red”, “green, “blue”}. The label 

encoding can respectively transform the data with arbitrary values such as {1, 2, 3}.  

 

This thesis study aims for regression tasks, and the selected regression models gener-

ally require numerical features as input. Thus, encoding the categorical features is 

needed to transform the features into a numerical format. 
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4.4 Data exploration  

 

This sub-chapter discusses data exploration, which is one of the key aspects of dis-

covery-oriented applications. It facilitates the extraction of knowledge from datasets ef-

ficiently [62]. The data exploration processes included different methods, the ones ap-

plied in this thesis study include: (1) descriptive statistics, with the measurement of 

central tendency (for instance, count, mean, and standard deviation); (2) visualization, 

for the analyses of numerical feature distributions by using suitable tools (for instance, 

existing libraries Seaborn, Missingno and Matplotlib); and (3) statistical analysis, with 

Pearson correlation for revealing pairwise linear relationships. These approaches ad-

vance the understanding of the relationship between features and the distribution of the 

collected dataset. These are also supportive of identifying potential issues that need to 

be noticed. 

 

4.4.1 Data distribution 

 

In Figure 15, the summarized data distribution for each numerical feature is illustrated 

by using a histogram plot. It revealed the main located samples, the possible extreme 

outliers, and the best suitable normalization method to apply. The most frequently ob-

served values for features ORDERED_PIECES_12_MONTH, 

SCALE_PRICE_EUR_PC, OD1, OD2, SHOULD_COST, and SCALE_QUANTITY are 

concentrated close to value zero, which means that the particular feature either had 

many missing values or no data was recorded. The trend of feature WEIGHT_NETTO 

satisfies the power law and is suitable with the log scaling method to transform the val-

ues into a narrower range. The Z-score can be applied to most of the class attributes of 

the target product category. This is because these values are recorded from engineer-

ing drawings that are assumed as reliable references. Hence, they are not considered 

to contain extreme outliers. 
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Figure 15. The data distribution of numerical features. 

 

 

Figure 16. The data distribution plot of WEIGHT_NETTO feature. (a) Before log 
normalization. (b) After log normalization. 

(a) (b) 
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Figure 16 shows that the log normalization was applied to the WEIGHT_NETTO fea-

ture, and the range of sample points is transferred into a narrower range. The linear re-

lationship between the WEIGHT_NETTO feature and the target variable may be 

changed after transformation. This is because the nonlinear logarithm transformation 

can affect the measured Pearson’s correlation between features. 

 

 

4.4.2 Pairwise comparison 

 

The group of scatter plots shown in Figure 17 demonstrates the pairwise relationship 

between all the numerical features (predictors) and the target variable. For most of the 

numerical features, the majority of sample points locate in the left bottom corner of the 

plots. This reveals that the collected dataset contains extreme outliers, which deviate 

significantly from the overall data pattern. Thus, it is crucial to remove the outliers to 

find a stronger linear relationship and reduce the outlier impact on the linear model. In 

addition, the target variable represents the possible product price to be predicted. 
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Figure 17. Scatter plot between numerical features and the target variable. 

 

 

4.4.3 Outlier filtering  

 

The outlier filtering is applied to this study to improve the reliability of data, strengthen 

the linear relationship between features, and enhance the accuracy of the predictive 

mode. As the class attributes are recorded based on the engineering drawings, the 

values cannot be regarded as outliers even if there may be a gap between maximum 

and minimum values. Thus, the outliers filtering is first considered from the target vari-

able. The ideal target variable is the should-cost of the product, but the calculated and 

recorded amount of the should-cost is very small. For this reason, the possible price of 

the product is formed with priority of: 

 

(1) agreement prices prioritized by the most ordered one. 

(2) valid price from purchase order prioritized by specific plants. 
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(3) moving average price prioritized by specific plants.  

 

By this approach, in the case where data for one of the options is missing, the target 

variable can be formed by utilizing another available value from the next option. 

 

 

Figure 18. A set of numerical features with boxplot (blue) and strip plot (yellow). 

 

The boxplot visualizes the spread of features, and it is commonly used for outlier detec-

tion. The median of a particular feature in a boxplot is presented by a horizontal solid 

line, it is bounded with the first quartile and the third quartile to form a box with 50% of 

the observation points included. The circle points located above the upper drawn line or 

below the lower drawn line are identified as outliers [63]. As it is shown in Figure 18, it 
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contains a group of boxplots based on all the numerical features. It shows that most of 

the samples in the dataset are one pipe-type pipe clamp because the feature OD ap-

pears a higher density of data points than OD1 and OD2. As shown in Figure 19, it de-

termines the necessity for outliers filtering in the target variable LABELLED_PRICE.  

 

 

Figure 19. Identify outliers from the target variable. (a) A boxplot for the target vari-
able. (b) A strip plot for the target variable was applied with 0.2 jitters to reduce over-
plotting. 

 

Table 3 illustrates that after removing the outliers for feature LABELLED_PRICE with 

values greater than 50, some numerical features show the improvement of the pairwise 

correlation with the target variable (such as features WEIGHT_NETTO, H, and B), 

whereas some other features also show the decrease in pairwise correlation (such as 

features E2 and W).  

  

Table 3. The pairwise correlation between features and the target variable. 

Features Before outlier filtering After outlier filtering 

ORDERED_PCS_12_MONTHS     - 0.055911 - 0.135263 

SCALE_PRICE_EUR_PER_PC     0.093204 0.140376 

SCALE_QUANTITY             0.037669 0.117108 

WEIGHT_NETTO 0.485417 0.917620 

(a) (b) 
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SHOULD_COST 0.043230 0.190473 

B 0.336036 0.701981 

D2 0.361437 0.434531 

E1 0.200362 0.292089 

E2 0.385305 - 0.073045 

H 0.413095 0.779435 

L1 0.453118 0.637182 

L2 0.466977 0.623788 

OD 0.476758 0.483582 

OD1 - 0.029516 0.039226 

OD2 - 0.029112 0.066591 

S 0.224318 0.505241 

W 0.387028 - 0.065984 

 

 

As shown in Figure 20, a pairwise correlation matrix after outlier filtering was plotted 

with the Seaborn heatmap function. The Pearson correlation coefficients between pairs 

of variables ranging from -1 pass through 0 to 1, and the correlation coefficients 

illustrate the strength of a linear pairwise relationship. A negative correlation coefficient 

specifies an inverse relationship between two variables, meaning that the increase of 

one variable can result in the decrease of the other variable, and vice versa. Moreover, 

small datasets are generally required to have larger correlation coefficients (close to -1 

or 1) in order to have significant linear relationships, while weak correlation coefficients 

in larger datasets can be also meaningful even though the linear relationships are 

limited [64]. The description of the correlation coefficient does not have a clear cut-off 

point, but it is commonly categorized as “weak”, “moderate”, and “strong” [65]. For in-

stance, a correlation coefficient of 0.58 between WEIGHT_NETTO and OD shows a 

moderate linear association, and it suggests that when WEIGHT_NETTO is increasing, 

OD tends to increase slightly. Conversely, when WEIGHT_NETTO is decreasing, OD 

also tends to decrease. 
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Figure 20. Correlation matrix between features with 2 decimal places after outlier fil-
tering 

 

 

4.5 Feature Selection 

 

Feature selection concentrates on selecting the subsets of variables, that efficiently de-

scribe the usefulness of input variables and eliminating irrelevant ones. It improves the 

prediction performance of the ML model, reduces computation time, decreases the di-

mensions of data, and offers better interpretability [66]. The common feature selection 

methods include three categories: wrapper, filter, and embedded method. The wrapper 
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method uses a black box predictor to evaluate the best features from the variable sub-

sets. The filter method utilizes the variable ranking as a selection mechanism to ex-

clude the least promising variables. The embedded method includes variable selection 

in the model training process to improve efficiency [67]. 

 

In this study, the target variable is generated based on the prioritized order of 

PO_NET_PRICE_PER_PC (denoted as PO in Table 4), MOVING_AVERAGE_PRICE 

(denoted as MAP), and AGR_UNIT_PRICE (denoted as AGR).  

 

Table 4. The correlation coefficients between PO, MAP, and AGR. 

 PO MAP AGR 

PO 1.000000 0.751863 0.531290 

MAP 0.751863 1.000000 0.458686 

AGR 0.531290 0.458686 1.000000 

 

 

The agreement price is based on the formal contract that is made between the pur-

chaser and the supplier, the purchase order price is based on the actual purchase price 

while the order is made, and the moving average price is based on the average price at 

different times. The computed correlation coefficients show a strong positive correlation 

between PO and MAP, a moderate positive correlation between PO and AGR, and a 

relatively weak positive correlation between MAP and AGR. As they all relate to the la-

bel price, thus a custom condition is applied to selectively keep only one at the end to 

reduce the collinearity concerns and reduce the amount of highly correlated features. 

Because the PO, the MAP, and the AGR are represented in similar aspects, they would 

be expected to have a strong positive correlation coefficient with each other. However, 

the actual observation contains weak correlation coefficients. This potentially exhibits 

the inconsistencies in the recorded data.  

 

In Table 5, it shows the count of unique categories in a categorical feature. Intuitively, 

the VEND_ID and VEND_NAME are represented for the same aspect and have the 
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same count, thus features that represent the same thing have been dropped. The 

MAT_NAME feature which contains one unique category “pipe clamp”, was previously 

used as a pre-condition to extract the data with the same category, and it is now eligi-

ble for removal as there is no additional product category present at the current stage. 

The DIMENSIONS feature contains an excessive number of unique categories within a 

relatively small dataset, which might lead to sparse data distribution after encoding 

techniques. For this reason, it is removed for analysis till a larger dataset is gathered or 

a rule-based categorization is recognized. The rest of the categorical features are suit-

able for both one-hot encoding and target encoding based on the actual performance. 

 

By experiencing feature selection, the irrelevant features and redundant features are 

removed and retained with the most relevant features. In addition, most of the descrip-

tive features offer valuable insights for understanding the data but may have limited 

benefit on model training. Thus, these features are excluded from a regression task. 

 

Table 5. Count of unique categories in a categorical feature. 

Categorical feature name Count of unique categories 

VEND_ID  24 

VEND_NAME  24 

COUNTRY_ID  6 

PURCHASER  11 

PURCHASING_CATEGORY  7 

CATEGORY_MANAGER 6 

MAT_NAME  1 

MATERIAL  11 

DIMENSIONS  385 

PLANT_ID 10 
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5. MODEL TRAINING AND EVALUATION 

This chapter contains explanations of the experimental procedures for training selected 

regression models and evaluating the model prediction performance with multiple eval-

uation metrics. 

 

5.1 Data splitting 

 

Most of the ML models take a fixed and static train-test split setup for the dataset, 

which uses random subsets of the given data as training and validation sets, while the 

rest is utilized as the testing set [68] [69]. This approach ensures that the models are 

trained on one portion of the data, validated on another portion, and tested on a sepa-

rate portion to evaluate the model performance with unseen data. 

 

In this study, the randomized train-test split is implemented with the scikit-learn library 

to partition the dataset into a separate randomized training set and testing set for mod-

el training and evaluation. However, due to the limited size of the dataset, the K-fold 

cross-validation is used to regenerate the train-test splits to improve the performance 

and reliability.  

 

The K-fold cross-validation divides a dataset into 𝐾 equal-sized subsets. For each it-

eration of the procedure, the model is trained with (𝐾–1) folds and validated with the 

fold which excluded in training [70]. The choice of 𝐾 is typical with a range of 5 to 10, 

and a value of 𝐾 < 5 might cause an issue. Thereby, the value of 𝐾 is taken as 5 to 

prevent unreliable evaluation. 
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5.2 Evaluation metrics  

 

The evaluation metrics are used to assess the overall performance and correctness of 

the selected ML models. The scores of evaluation metrics indicate how well the trained 

models perform on a given input. The metrics serve as a criterion for hyperparameter 

tuning after the model training stage. The commonly used evaluation metrics include 

mean squared error (MSE), root mean squared error (RMSE), mean absolute error 

(MAE), the coefficient of determination (𝑅2), and cross-validation (CV) based on certain 

criteria. 

 

𝑀𝑆𝐸 =
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖̂)

2

𝑛

𝑖=1

(27) 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦𝑖̂|

𝑛

𝑖=1

(28) 

𝑅MSE = √MSE = √
1

n
∑(yi − yî)2
n

i=1

(29) 

 

The dataset with n observations 𝑦1, 𝑦2, … , 𝑦𝑛 collectively denoted as 𝑦𝑖, and yî refers to 

the predicted values of the ith observation. The MSE metric explains the squared pre-

diction error on average, the RMSE is the square root of MSE which interprets the 

evaluation on a better scale, and the MAE explains the absolute prediction error on av-

erage. 

 

𝑦 =
1

𝑛
∑𝑦𝑖

𝑛

𝑖=1

(30) 

𝑆𝑆𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 = ∑(𝑦𝑖 − 𝑦𝑖̂)
2

𝑛

𝑖=1

(31) 

𝑆𝑆𝑡𝑜𝑡𝑎𝑙 = ∑(𝑦𝑖 − 𝑦)2
𝑛

𝑖=1

(32) 
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The 𝑦 refers to the mean of the observations, the 𝑆𝑆𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙  is the sum of squares of re-

siduals, and the 𝑆𝑆𝑡𝑜𝑡𝑎𝑙 is the total sum of squares that tells the squared difference be-

tween observations and overall means. The 𝑅2 is generally defined as: 

 

𝑅2 = 1 −
𝑆𝑆𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙

𝑆𝑆𝑡𝑜𝑡𝑎𝑙

(33) 

 

A 𝑅2 value of 1 indicates the best fit of the model, meaning that all predicted values 

match the observed values perfectly. A 𝑅2 value of 0 works as a baseline model, which 

exhibits the predicted value always  𝑦. The worse predictions occur when 𝑅2  has a 

negative value [71]. 

 

 

5.3 Model training  

 

The comprehensively designed pipeline to train a specific regression model is shown in 

Figure 21, where the regressor demonstrated with “LinearRegression” will recursively 

be experimented with all selected regression models. Furthermore, the feature engi-

neering techniques are applied to numerical and categorical features after the train-test 

split to prevent data leakage. The pipeline orchestrates a series of processing steps 

which can be summarized as: 

 

(1) Passing input data into the subsequent process 

(2) Transforming categorical features with optimal encoding techniques 

(3) Transforming numerical features with optimal normalization techniques 

(4) Possible imputation methods for missing values handling 

(5) Passing through the rest of features 

(6) Applying logarithm transformation to target variable 

(7) Applying transformed features into the regression model 

(8) Applying exponential transformation to prediction 
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Figure 21. The designed pipeline to train with regression models 

 

The data used in this study was collected from a particular product category (pipe 

clamp), which contains approximately 6000 records. However, there were a relatively 

smaller number of records with good-quality input variables and labelled target varia-

bles, thus, the applicable number was reduced to approximately 1000. The model was 

trained with 80% of the data, tested with the rest, and validated with 5-fold cross-

validation. Furthermore, the logarithm and exponential transform were applied to the 

target variables in order to avoid negative predicted values. 

 

The encoding techniques were first experimented with one-hot encoding. However, the 

one-hot encoding may significantly increase the number of new columns created by 

unique categories of categorical features. Generating too many new columns might be 

impactful for the model predictions when the dataset contains limited data. Therefore, 

the models were further experimentally tested with only target encoding for the categor-

ical features. In addition, the features with the “_ENCODED” suffix represent an en-

coded version derived from a specific original categorical feature. 

 

 

5.3.1 Exploring multivariate linear regression 

 

The model training begins with the exploration of the MLR model, which creates rela-

tionships between multiple independent variables and a single target variable. The lin-

ear regression model used in this study was imported from the Scikit-learn library. It uti-

lizes the least squares to find the coefficients of different predictors. The model training 

is first explored with default hyperparameters, followed by possible hyperparameter 
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tuning. The parameters for MLR to improve the model performance include: (1) The 

“fit_intercept” parameter (set to True by default). It determines whether to calculate the 

intercept of the regression line or not. If it is set to “True”, the model would estimate 

both the coefficients (or the slope) of the independent variables and the intercept (or 

the bias). Reversely, the model will not estimate the intercept term and it forces the re-

gression line to pass through the origin point; (2) The “n_jobs” parameter (set to None 

by default). It indicates the number of parallel jobs to accelerate the training process, 

and a fixed value -1 means to use all the available processors; and (3) The “positive” 

parameter (is set to False by default). It works for dense arrays to force the coefficients 

to be positive. 

 

 

Figure 22. Exploring multivariate linear regression. (a) Feature importance. (b) 
Comparison between ground truth and prediction. 

 

The coefficients in MLR represent the weights assigned to the input features. These 

numerical values reveal the relationship between the feature variables and the label 

variable. In addition, the coefficient values can be both positive and negative. Larger 

absolute values of the variable coefficients are supposed to cause larger impacts on 

the model predictions. In Figure 22 (a), the feature importance rankings were deter-

mined based on the magnitude of the feature coefficients, and the most impactful fea-

tures are WEIGHT_NETTO, S, and D2. However, as the WEIGHT_NETTO exhibits the 

highest importance to others, it may let the model heavily rely on it to make predictions.  

 

Both real observations and actual values can be regarded as ground truth. In Figure 22 

(b), the plot between ground truths and actual predictions shows the deviation of re-

sults from the perfect line (the dotted line in the middle). It illustrates the difference be-

(a) (b) 
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tween the predicted values and the actual values. In addition, the evaluation results of 

the MLR model (trained with default parameters) have an MSE of 26.332, an MAE of 

3.306, a R2 coefficient of 0.663, and a CV score of 0. 468.  

 

 

5.3.2 Exploring K-nearest neighbors regression 

 

After applying the MLR, this thesis study continued with the exploration of the KNN 

model. The concept of the K-NN algorithm was explained in the earlier Chapter 3.1, 

which estimates the value of a target variable by analysing the average values of its K 

nearest sample points. The K-NN regressor used in this study was imported from the 

Scikit-learn library. It contains several important hyperparameters for tuning the model: 

(1) The “n_neighbors” hyperparameter (set to 5 by default). It determines the number of 

nearest points when making predictions; (2) The “metric” hyperparameter (set to “min-

kowski” by default). It selects the distance function that is used to measure the similari-

ty between sample points; and (3) The “weights” hyperparameter (set to “uniform” by 

default). It specifies the metrics for assigning weights to the sample points (such as uni-

form and distance metrics). In addition, the uniform metric considers all points that con-

tribute equally to the prediction, while the distance metric considers those closer neigh-

bors to have a larger impact on the prediction.  

 

 

Figure 23. Exploring K-Nearest Neighbors regression. (a) Feature importance. (b) 
Comparison between ground truth and prediction. 

 

(a) (b) 
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The feature importance of the K-NN regressor is computed using the permutation im-

portance technique. It assesses the importance of input features by measuring the 

change of results after permuting specific features in the model [72]. The most impact-

ful features of the model are shown in Figure 23 (a), which are WEIGHT_NETTO, 

VEND_ID_ENCODED, and OD1.  In Figure 23 (b), the ground truth versus prediction 

plot of the K-NN regressor exhibits relative dispersion between the actual and predicted 

values. The evaluation results of the K-NN regression model (trained with default hy-

perparameters) have an MSE of 41.946, an MAE of 4.273, a R2 coefficient of 0.463, 

and a CV score of 0. 258. 

 

 

5.3.3 Exploring support vector regression 

 

After the exploration of K-NN, it is beneficial to test with the SVR model which was 

mentioned in the earlier Chapter 3.3. The SVR tries to identify a hyperplane that fits the 

majority of the sample points within the upper and lower margins. It gives flexibility to 

handle how many outliers are acceptable within the margins. The main hyperparame-

ters of SVR include: (1) The regularization parameter “C” (set to 1.0 by default). it indi-

cates the trade-off between the margin and the error term; (2) The “kernel” parameter 

(set to “scale” by default). It defines which kernel function to be used in the SVR model. 

In this study, a linear kernel is used for the regression task, and the best-fitted hyper-

plane is utilized as the prediction line; (3) The “epsilon” parameter (set to 0.1 by de-

fault). It defines the tolerance of margin, where no penalty is associated with the loss 

function if points fall within an epsilon distance away from the actual value. 
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Figure 24. Exploring support vector regression. (a) Feature importance. (b) Com-
parison between ground truth and prediction. 

 

The feature importance of the SVR regressor was assessed by the model coefficients 

associated with the input features. In Figure 24 (a), the top three features with the 

highest coefficients are WEIGHT_NETTO, S, and D2. In Figure 24 (b), the majority of 

the observed sample points are accurately predicted, and they closely located to the 

perfect prediction line. However, there happen to be some points, at which the predict-

ed values are deviated from the actual values. The evaluation results of the SVR model 

(trained with default hyperparameters) have an MSE of 33.494, an MAE of 3.158, a R2 

coefficient of 0.572, and a CV score of 0.523. 

 

5.3.4 Exploring lasso and ridge regression 

 

As a continuation, the thesis study conducts the explorations with lasso and ridge re-

gression, which was discussed in Chapter 3.4 and Chapter 3.5. The lasso and ridge 

regression are regularization techniques that are used to prevent the problem of overfit-

ting by adding an L1 or L2 penalty term to the OLS. The lasso penalty L1 is the abso-

lute value of the magnitude of coefficients. The ridge penalty L2 is the squared magni-

tude of coefficients. The lasso and ridge regressors used in this study are imported 

from the Scikit-learn library. In addition, they apply an “alpha” to denote the hyperpa-

rameter λ (which controls the strength of regularization). By default, the λ is set to 1.0 

and it is equivalent to OLS when λ is 0.  

 

(a) (b) 
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Figure 25. Exploring lasso regression. (a) Feature importance. (b) Comparison be-
tween ground truth and prediction. 

 

Figure 25 illustrates how lasso regression shrinks the coefficients for some of the fea-

tures to exactly zero to effectively exclude the less important features from the model. 

The features with the highest feature importance for the lasso model are 

WEIGHT_NETTO, E2, and VEND_ID_ENCODED. The evaluation results of the lasso 

regressor have an MSE of 33.154, an MAE of 3.252, a R2 coefficient of 0.576, and a 

CV score of 0.627. 

 

 

 

Figure 26. Exploring ridge regression. (a) Feature importance. (b) Comparison be-
tween ground truth and prediction.  

 

Figure 26 exhibits that ridge regression retains all the input features in the model, even 

if the coefficients of some features shrink towards zero. The features with the highest 

feature importance for the ridge model are WEIGHT_NETTO, H, and PURCHAS-

ING_CATEGORY_ENCODED. The evaluation results of the ridge regression model 

(a) (b) 

(a) (b) 
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(trained with default parameters) have an MSE of 24.795, an MAE of 3.088, a R2 coef-

ficient of 0.683, and a CV score of 0.746. 

 

 

5.3.5 Exploring decision tree and random forest regression 

 

At the final stage, the thesis utilizes DT and RF for the exploration. The DT regression 

was discussed in Chapter 3.6, which recursively splits nodes into smaller partitions to 

minimize the impurity of the child nodes until leaf nodes are reached. The DT regressor 

is imported from the Scikit-learn library, which includes several important hyperparame-

ters: (1) The “criterion” hyperparameter (set to MSE by default). It defines which func-

tion to use for measuring the quality of a split; (2) The “max_depth” hyperparameter 

(set to None by default). It controls the maximum depth of the tree. A deeper created 

tree can improve the linear relationship in the model but may also cause the problem of 

overfitting; (3) The “min_samples_split” hyperparameter (set to 2 by default). It sets the 

minimum required samples to split an internal node, which helps to prevent the node of 

the tree from splitting with too few samples; and (4) The “min_samples_leaf” hyperpa-

rameter (set to 1 by default). It determines the minimum required samples at a leaf 

node and ensures that each leaf node contains at least a minimum number of samples. 

 

The RF regression, mentioned in earlier Chapter 3.7, is an ensemble of trees that 

makes predictions based on the unweighted average of the trees that are created with 

a random subset of features. The RF regressor includes some important hyperparame-

ters from the DT regressor and has some additional hyperparameters: (1) The 

“n_estimator” hyperparameter (set to 100 by default). It determines the number of DTs 

that are used in the ensemble; (2) The “bootstrap” hyperparameter (set to True by de-

fault). It indicates whether bootstrap samples are used when creating each DT; and (3) 

The “max_samples” hyperparameter (set to None by default). It defines the amount of 

a randomly sampled subset selected from the dataset to train each DT estimator. 
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Figure 27. Exploring decision tree regression. (a) Feature importance. (b) Compari-
son between ground truth and prediction. 

 

There is no coefficient associated with the features of the DT regressor. Instead, the 

feature importance relies on how influential a feature is in reducing the impurity of node 

splitting. In Figure 27 (a), the most important feature of the DT regressor is 

WEIGHT_NETTO, followed by D2 and L2 which have minor influences. Figure 27 (b) 

shows that the predicted values are deviated from the actual values and the trained 

model may not adequately capture the relationships of data. The evaluation results of 

the DT regression model (trained with default hyperparameters) have an MSE of 

31.517, an MAE of 3.272, a R2 coefficient of 0.597, and a CV score of 0.572. 

 

 

Figure 28. Exploring random forest regression. (a) Feature importance. (b) Compar-
ison between ground truth and prediction. 

 

As shown in Figure 28 (a), the dominant feature WEIGHT_NETTO is observed with the 

highest importance compared to the rest of the features. It may provide most of the in-

formation to the model and make the model severely rely on it without considering oth-

(a) (b) 

(a) (b) 
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er weak features. Figure 28 (b) shows that the RF regressor achieves relatively im-

proved results over the DT regressor by aggregating predictions from multiple DTs. 

The evaluation results of the RF regression model (trained with default hyperparame-

ters) have an MSE of 16.657, an MAE of 2.514, a R2 coefficient of 0.787, and a CV 

score of 0.786. 
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6. RESULTS AND DISCUSSION 

6.1 Overview and comparation of model results 

 

As shown in Table 6, the statistical summaries of the different regression models are 

generated based on multiple evaluation metrics. The evaluation results provide a base-

line of prediction performance and illustrate how well a particular model behaves with 

the unseen data. The models with lower MSE, RMSE, and MAE scores, and higher 𝑅2 

and CV scores are generally considered to possess better accuracy and overall per-

formance. This is because these metrics can reflect the reduction in prediction error be-

tween the actual and predicted values over multiple CV experiments. 

 

The hyperparameter tuning applies to the models with the grid search technique that 

systematically tries a given list of hyperparameters for a particular model to identify the 

best combination of parameters that provides the best performance to the model. The 

comparison of model results before and after hyperparameter tuning is shown in Figure 

29 and Figure 30. The models with the “_TUNED” suffix are applied with grid search 

optimization, and without the suffix means the models have not undergone hyperpa-

rameter tuning. This is because the exploration of the models is run on the cloud-based 

Jupyter Notebook instance and the grid search method for retrieving the best parame-

ters often encounters session timeouts as it takes several hours for each computation. 

 

Table 6. Evaluation results for used models 

Model MSE RMSE MAE R2 CV 

MLR 26.618 5.131 3.038 0.663 0.468 

MLR_TUNED 26.612 5.159 3.140 0.660 0.524 

K-NN 41.946 6.477 4.273 0.464 0.258 

K-NN_TUNED 35.595 5.966 3.635 0.545 0.436 

SVR 33.494 5.788 3.158 0.571 0.523 
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DT 29.577 5.439 3.075 0.622 0.578 

RF 16.657 4.081 2.514 0.787 0.786 

LASSO 33.154 5.758 3.252 0.576 0.627 

LASSO_TUNED 13.199 3.633 2.467 0.831 0.820 

RIDGE 24.795 4.980 3.088 0.683 0.746 

 

The results in Table 6 show that LASSO_TUNED, RF, and RIDGE regression have 

higher CV scores ranging from 0.75 to 0.85, which indicates a strong performance. 

From another perspective, the rest of the models exhibit moderate CV scores ranging 

from 0.45 to 0.65. The evaluation score results across the selected models are various. 

The differentiations of the scores vary depending on: (1) the most important features 

applied in a particular model; (2) the quality of collected data judged in different as-

pects; and (3) whether the model is suitable for the problem. 

 

 

Figure 29. The comparison of K-Nearest Neighbors regression model results before 
and after hyperparameter tuning. 
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Figure 30. The comparison of lasso regression model results before and after hy-
perparameter tuning. 

 

 

6.2 Challenges of current work 

 

The aim of this thesis study is to make should-cost estimations for a specific product 

category so that the predicted values can be used as a baseline when producing new 

similar items. There are several challenges encountered during the thesis study. 

 

The first challenge is the lack of literature for the product should-cost estimation. The 

search string results at resource databases (such as Springer, Scopus, and Web of 

Science) show that there is relatively small number of existing research. In addition, 

some of them are related to proprietary software products offered by certain compa-

nies, which cannot directly be applied in this study. Therefore, only the available re-

sources and methodologies in this field are considered. 

 

Another challenge is related to the size of the dataset that is used to train the regres-

sion models. The current dataset shows sparsity with both feature variables and the 

target variable. The lack of target variables can cause some problems because the re-

gression tasks (which fall under supervised learning) generally require accurate target 

variables to learn the pattern and obtain the linear relationship of the model. 
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Figure 31. A boxplot of labelled prices across different vendors. 

 

Figure 31 shows a grouped boxplot of the labelled prices across different vendors. 

Each box represents the pipe clamp price distribution for a specific vendor. The dataset 

used in the current study has a limited size in scope, thus the vendor feature is used as 

an input instead of a separate partition to train the models with a specific pattern.  

 

Additionally, the existing extreme outliers in the dataset can influence the linear bal-

ance between the input features and target variables. The outliers can also to some ex-

tent disrupt the trained weight of the variables. The natural relationship between the 

product weight and cost for the same product category is that they are positively corre-

lated. However, the expected relationship does not support some of the observation 

samples, meaning that a heavier product weight is associated with a lower price. An-

other example is that the label variables contain extremely small values that are unreli-

able based on the collected data. The above situations can affect the integrity and ac-

curacy of the training data. Therefore, it is necessary to have more considerations of 

outlier filtering and actions for data cleaning during the training process. 
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7. CONCLUSION  

The purpose of this thesis is to study the theories related to the cost estimations and 

generate an ML pipeline to estimate the should-cost of a product. The retrieved histori-

cal data is related to pipe clamp product category. The created pipeline runs regression 

models with the collected historical data to learn the relationships between feature var-

iables and target variable. Then it is used to estimate the should-cost of an item based 

on the similar previously manufactured items. The most important variables involved in 

the training process are identified by experts in this field. As a result, integrating expert 

judgement along with ML methods for a particular product category can enhance the 

efficiency and accuracy of the cost estimation process. 

 

The experimental results show that the lasso, ridge, and random forest regression from 

the selected regression models are able to capture the linear relationships in the col-

lected dataset. It shows that different models may rely on different features by their re-

spective feature importance rankings. This practical approach that happened during the 

thesis process is supposed to be suitable for making cost estimations in the early stage 

of product development. The approach made estimations based on similar previously 

manufactured items.  

 

One of the recognized limitations of this study is the constrained size of the retrieved 

dataset, and the possible solution for this point is to further enhance the dataset with 

rule-based imputation and data cleaning. As an interpretation of the solution, obtaining 

more available data can advance the training models to include observation samples in 

the training and testing sets. In this way, the accuracy of the model training results and 

the trustworthiness of the evaluation scores can be enhanced. As an outcome, the re-

sults generated from the pipeline would be beneficial to strategic purchasers to deter-

mine whether the quoted prices align with or deviate from an established baseline gen-

erated by similar items. 

 

This thesis study explored the regression-based models, which primarily require nu-

merical features as input. It is needed to further involve experiments with the models 
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that handle the categorical features as input natively to offer enhanced predictive ca-

pabilities. For instance, the CatBoost model and LightGBM model provides built-in 

support with categorical features [73]. 

 

After the completion of the current thesis study, there are some aspects that may be 

useful for future work to focus on. In other words, the quality and reliability of the cur-

rent study can be improved by realizing the following: (1) performing further analyses of 

the data based on the target product categories; (2) collecting additional datasets with 

a larger amount of relevant information; (3) implementing better rule-based data impu-

tation for handling missing data; and (4) cleaning the outliers from the features that 

show weak importance or less accuracy.  

  

In addition to the above-mentioned points, there may also be a necessity to investigate 

more potential features that give higher correlations to the target product cost. One of 

the options is to utilize possible technical values, for instance, stamping, punching, 

forming, and drilling. These values can be obtained at the late development stage of 

manufacturing process. Furthermore, identifying more critical factors can be useful in 

making more precise cost estimations, since they appear to have higher relationships 

to the final product. 

 

Thus, the experimental ML pipeline established in the current study needs to be tested 

with other product categories to ensure reusability and validate the accuracy. Addition-

ally, the pipeline can be further integrated into a web application to help people esti-

mate a new product by providing the most important features of its similar products. 

Furthermore, the current cost estimation work can be enhanced with the existing data 

science platform RapidMiner to optimize the general ML workflow, the data preparation 

process, and the visualization of the collected data [74]. 
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