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ABSTRACT 
 
Course: Degree project in Logistics, the Business Administration and Economics Programme 
Authors: Adam Allgurin and Filip Karlsson 
Supervisor: Hana Hulthén 
Examiner: Helena Forslund 
Title: Exploring Machine Learning for Supplier Selection – A case study at Bufab Sweden AB 
 
Background: One of the most important parts of purchasing management is the selection of 
suppliers due to suppliers’ ability to greatly affect the performance of the supply chain. 
Selecting the right supplier(s) can be a complex process where there can be many number of 
variables, both quantitative and qualitative, to consider. One of the methods for assisting 
companies’ supplier selection process is artificial intelligence (AI) where machines can be 
trained by decision-makers or historical data to make predictions and recommendations. One 
technology within AI that might change procurement is Machine Learning. 
 
Purpose: The purpose is that this study is going to be a first step for Bufab towards an 
implementation of Machine Learning (ML). The study aims to provide a framework for the 
variables needed to create a ML algorithm for supplier selection and how the identified 
variables can be ranked. The study also aims to provide a list of benefits and challenges with 
ML, in general and for supplier selection. 
 
Methodology: This is a qualitative case study of the supplier selection process in Bufab 
Sweden AB. The theoretical chapter is based mainly on current literature from both articles 
and books. The empirical data collected is done by unstructured and semi-structured 
interviews and data received from Bufab. There have been six respondents in this study, both 
internal and external from Bufab.  
 
Findings: The study identified 26 variables that are important for supplier selection and that 
can be used for a ML algorithm. These variables have been ranked based on theory and 
empirical data, in order to determine their importance. There are several benefits and 
challenges with ML, one benefit is that ML can handle standard and repetitive work while a 
challenge is that employees tend to get nervous about losing their job. A full table can be 
found in the conclusion. A framework for the first step in implementing ML for Bufab have 
been created, this includes three steps. Step one: Identify relevant data (variables), step two: 
prepare the data and step three: consider ML algorithms.  
 
Key words: supplier selection, machine learning, supplier selection variables, supplier 
selection with machine learning 
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ABSTRAKT 
 
Kurs: Examensarbete i Logistik för Civilekonomprogrammet 
Författare: Adam Allgurin och Filip Karlsson 
Handledare: Hana Hulthén 
Examinator: Helena Forslund 
Titel: Exploring Machine Learning for Supplier Selection – A case study at Bufab Sweden AB 
 
Bakgrund: En av de viktigaste delarna inom inköp är val av leverantörer, på grund av deras 
förmåga att påverka leverantörskedjan. Att välja rätt leverantör(er) kan vara en komplex 
process där många variabler, både kvantitativa och kvalitativa, är inblandade. En av 
metoderna för att hjälpa företag med deras leverantörsval är artificiell intelligens (AI) där 
maskiner blir tränade av beslutsfattare eller historiska data att göra prognoser och 
rekommendationer. En teknologi inom AI som kan ändra inköp är Maskininlärning. 
 
Syfte: Syftet med den här studien är att den ska vara ett första steg för Bufab mot en 
implementation av Maskininlärning. Studien ämnar bidra med ett ramverk for de variabler 
som behövs för att skapa en maskininlärningsalgoritm för leverantörsval och hur de här 
identifierade variabler kan rankas. Studien ämnar också bidra med en list över fördelar och 
nackdelar med maskininlärning, både generellt och specifikt för maskininlärning.  
 
Metod: Det här är en kvalitativ fallstudie av leverantörsvalsprocessen I Bufab Sweden AB. 
Det teoretiska kapitlet är mestadels baserat på aktuell litteratur från både vetenskapliga 
artiklar och böcker. Den empiriska datainsamlingen är gjort genom ostrukturerade och semi-
strukturerade intervjuer samt data insamlad från Bufab. Det har varit sex respondenter 
medverkande i studien, både internt och extern från Bufab. 
 
Resultat: Studien identifierar 26 variabler som är viktiga vid leverantörsval och kan vara 
användbara för en Maskininlärningsalgoritm. Dessa variabler har rankats baserat på teori och 
empiriska data, för att bestämma hur viktiga de är. Det finns flera fördelar och nackdelar med 
Maskininlärning, en fördel är att Maskininlärning kan hantera standardiserade och repetitiva 
arbetsuppgifter och en nackdel är att anställda tenderar att vara rädda för att förlora sina jobb. 
En tabell med alla för- och nack-delar återfinns i slutsatsen. Ett ramverk för ett första steg av 
en implementering av Maskininlärning för Bufab har skapats, detta inkluderar tre steg. Steg 
ett: identifiera relevant data (variabler), steg två: förbereda data och steg tre: att överväga de 
olika Maskininlärningsalgoritmerna. 
 
Nyckelord: leverantörsval, maskininlärning, variabler för leverantörsval, leverantörsval med 
maskininlärning 
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1. Introduction 
The study begins with a background (1.1) about Supplier Selection and Machine Learning in 

the form of a brief introduction to both subjects and their connection. The chapter continues 

in 1.2 with an introduction to Bufab, which is the object of study. Further, the chapter 

continues with a problem discussion (1.3) and ends with the research questions in 1.4, the 

purpose in 1.5 and a model of disposition in 1.6. 

 

1.1 Background 

One of the most important parts of purchasing management is the selection of suppliers due to 

suppliers’ ability to greatly affect the performance of the supply chain (van Weele, 2014; Guo 

et al., 2009). Selecting the right supplier(s) can be a complex process where there can be 

many number of variables, both quantitative and qualitative, to consider. Despite its 

complexity it is a necessary process to have since suppliers have a great impact on an 

organisations operations and profitability (Çebi & Otay, 2016; Karsak & Dursun, 2015). 

 

The supplier selection process can according to Ghiani et al. (2013) be divided into three 

different steps: 1) definition of potential suppliers, 2) definition of the selection criteria and 3) 

supplier selection. The supplier selection process is used either when a company does not 

have any suppliers or is updating its current group of suppliers. The second step, definition of 

the selection criteria, is the most important part of the supplier selection process since they 

ultimately decide the suppliers. When the potential suppliers and selection criteria are set the 

next step is to select the supplier(s) and many different methods can be used for this (Ghiani 

et al., 2013). Van Weele (2014, p. 29) provides the following definition of the supplier 

selection process:  

 

“Supplier selection relates to all activities, which are required to select the best possible 

supplier and includes determining on the method of subcontracting, preliminary qualification 

of suppliers and drawing up the ‘bidders’ list’. Preparation of the request for quotation and 

analysis of the bids received and selection of the supplier.”  
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Van Weele (2014) and Ghiani et al. (2013) have slightly different views of the supplier 

selection process and for this study the definition of van Weele will be used. It starts with 

determining the method for subcontracting, which is based on the specification from the 

customer. Following is the preliminary qualification of the suppliers, where suppliers are 

chosen based on their ability to meet the customer specification. The next step is to create the 

bidders’ list and the third step is to send out an RFQ to the suppliers on that list. The suppliers 

will evaluate the RFQ and respond with a bid, which procurement will analyze. The last step 

is to draw a conclusion from the analysis and select the most appropriate supplier. The 

process is visualised in figure 1. 

 
Figure 1: Supplier selection process (own illustration based on van Weele, 2014) 

One of the methods for assisting companies’ supplier selection process is artificial 

intelligence (AI) where machines can be trained by decision-makers or historical data to make 

predictions and recommendations (Guo et al., 2009). One technology within AI that might 

change procurement is Machine Learning (ML) (GEP Procurement outlook, 2018). The 

definition of ML varies, Daniel Fagella (2017) at Techemergence gathered different 

definitions from sources such as Stanford and Mckinsey & Co. and came up with the 

following definition: 

 

“Machine Learning is the science of getting computers to learn and act like humans do, and 

improve their learning over time in autonomous fashion, by feeding them data and 

information in the form of observations and real-world interactions.” 

 

The basic concept of ML is that a machine learns how to perform a task by studying a number 

of examples. The machine can then execute the same task but with new data it has not seen or 

handled before (Louridas & Ebert, 2016). ML does according to Jordan and Mitchell (2015) 

include three different methods: supervised learning, unsupervised learning and reinforcement 
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learning. There is also a fourth method called deep learning (Hurwitz & Kirsch, 2018). 

Supervised learning is where there is both input variables and output variables present and an 

algorithm is used to learn how they are connected. The aim is that when there is new input 

data the machine can predict the output variables for that data. This method has its name 

because the algorithm learns from a set of data and the answers are given. Unsupervised 

learning is then when there is input data but no corresponding output variables. It is referred 

to as unsupervised learning because there is no correct answer, and the algorithm has no set of 

data to learn from (Louridas & Ebert, 2016). The third method is the reinforcement method, 

which is in-between supervised and unsupervised learning (Jordan & Mitchell, 2015). Deep 

learning is a technique in ML that can learn from data repetitively, this method is 

recommended when trying to find patterns in unstructured data (Hurwitz & Kirsch, 2018) 

There are several different terms for variables, in ML it can be called features or attributes, 

while in literature about procurement it is often referred to as selection criterias. The authors 

have chosen to use the term variable(s) throughout the study. Examples of variables are 

product price, conformance to specification and geographical location. 

 

ML as a tool have been recognized for having many applications and the effects have been 

noticed across a range of industries, such as consumer services and control of logistics chains. 

Over the last two decades the progress have been dramatic in ML, going from laboratory 

curiosity to a practical technology that is used commercially (Jordan & Mitchell, 2015). 

Mirkouei and Haapala (2014) conducted research about integrating ML in the supplier 

selection process. Their study was conducted in the biomass fuel industry and they divided 

the supplier selection process in four different steps. They built a model based on four 

different supplier selection variables specific to the biomass industry. The conclusion is that 

ML shows great promise in supplementing the existing supplier selection methods. The same 

study also conclude that future research must evaluate their study’s method of choice, based 

on actual supply chain data. Zhang et al. (2016) also explored ML in the context of supplier 

selection. They conducted research on how ML could select a supplier portfolio based on 

customer orders. Their study is based on a two-stage method, which include filtering and 

ranking. The conclusions was that ML can improve the supplier selection performance and if 

the ML model uses historical data it will improve the performance over time. The study also 
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came to the conclusion that the performance of the ML model increased with an increased 

supplier base (Zhang et al., 2016). 

 

1.2 Background about Bufab 

This study was performed at the company Bufab but the intention is that it can be useful for 

other similar companies as well. Bufab explained their interest in exploring emerging 

technologies such as ML and how it could relate to their Source-to-Contract (S2C) process. 

The S2C process is a term for part of Bufab’s strategic sourcing, which involves selecting 

suppliers (Supply Chain Development Manager, 24-01-18). Bufab is a trading company that 

offers their customers a complete solution for purchasing, quality assurance and logistics 

when it comes to C-parts. C-parts are details such as metal or plastic fasteners (screws, bolts, 

nuts, rivets, pins, washers, etc.), other small metal-, rubber- or plastic parts such as cables, 

springs and electronic fasteners (Bufab, n.d.c). Bufab’s business circles around their customer 

offer called Global Parts Productivity, which is about improving their customers value chain 

for C-parts (Bufab, n.d.a). Bufab was founded in Småland 1977 and their headquarters is 

located in Värnamo. They are an international company with 37 subsidiaries and operations in 

27 countries, and have a total of 1 000 employees and in 2017 their revenues were just under 

3 billion SEK. Bufab is currently involved with 3 000 suppliers globally and they are 

constantly working to improve their supplier base. Their core strategy is to put quality and 

customer first and offer the world’s best supplier base. They want to be a prioritized company 

that creates value for their customers. They continually strive to grow by improving their 

business offer as well as acquiring new companies, and aims to be a sustainable company 

with local presence and a global partnership (Bufab, n.d.b). The range of Bufab’s C-parts can 

be seen in figure 2 below. 
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Figure 2: Bufab’s C-parts range (Bufab Group Presentation, p.11) 

 

 

Most C-parts are very standardized products and it is easy for new companies to enter the 

market, especially on a local scale. What is significant for C-parts is that they have 1) A lower 

unit cost, 2) A wide product variety, 3) Larger volumes and 4) Many suppliers within the 

segment. What makes C-parts unique is that only a small part of total costs are originating 

from the purchase price, often as little as 20 %. The remaining 80 % are indirect costs in the 

form of 1) Logistics costs, 2) Sourcing costs, and 3) Quality costs (Bufab, n.d.c).  

 

Bufab is striving to offer their customers the best supplier base on the market and that 

supplier base includes three different segments: transactional suppliers, important suppliers 

and strategic suppliers. Transactional suppliers are suppliers with whom no special 

intervention is needed except for the immediate transaction. Important suppliers are suppliers 

who require some level of management, either because they need it or because it can create 

additional value. Strategic suppliers are suppliers that are critical in some way, with whom 

Bufab need a close relationship in order to protect their business or who have the potential to 

help them realise their goals and achieve greater value (Bufab, n.d.). For this study, no 

differentiation of suppliers was made. The focus is rather on all current suppliers that Bufab 

wants to conduct repeat business with.  
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Bufab receives around 30 000 requests for quotation (RFQ) each year from their customers. 

The process starts with a detailed specification from the sales personnel. Purchasing creates 

an RFQ based on this specification and then sends it out to different suppliers. These 

suppliers are usually chosen from Bufab’s own supplier base and the choice is often based on 

the employees’ experience and gut feeling. The next step is to wait for the suppliers to either 

accept or decline the RFQ, and the suppliers that accept are forwarded from purchasing to 

sales. The selection of the supplier(s) is then done by the sales personnel to best suit the 

customer. The process can be seen in figure 3. The manual work can be quite extensive in this 

process, even when it comes to easier transactions, and it can be difficult to find the time to 

properly handle extensive orders. Sometimes RFQs are sent to suppliers that do not have what 

it takes to meet the order requirements. One of Bufab’s expectations is that ML will be able to 

filter out unsuitable suppliers because that would make the process more accurate and 

efficient. 

 

 
Figure 3: The supplier selection process in Bufab from RFQ to selected supplier (own 
illustration) 

 

1.3 Problem discussion 

According to Chan et al. (2008) the most common decision factors for selecting suppliers are 

cost, quality and service. Within these factors there are several different variables that can be 

collected and measured, such as product price and commitment to quality (Paul, 2015). 

Collecting and measuring these variables may lead to improved performance and better 

control of supplier performance (ibid.). These different variables can be either qualitative or 

quantitative and companies need to consider both, which can make selecting suppliers 

difficult. With the varying nature of the variables, where some are uncertain, it is important to 
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include uncertainty in the selection process (ibid.). Some of the benefits of ML, compared to 

traditional methods of supplier selection, is that many variables can be considered when 

selecting suppliers and that new variables can be included as well. However, what can be 

troublesome for a company is to decide which variables to use (Brownlee, 2014). It is 

common in supplier selection to use historical data. However, according to Mirkouei and 

Haapala (2014) it can be difficult to acquire this type of data and extensive datasets are 

seldom available. In general, the variables used for supplier selection is heavily dependent on 

specific companies and industries. Companies have different strategies and cultures as well as 

structures, which mean that supplier selection variables are set based on specific 

environments (Deng et al., 2014). There is an endless number of variables that can be used in 

supplier selection but not all of them are useful or considered equally important, and it is 

therefore important to rank them. Some of the variables could be viewed as equally important 

but go against each other, like product price and high quality (Deng et al., 2014; Xi & Wu, 

2007), making ranking even more important. 

 

One of Bufab’s goals is to offer their customers the world’s best supplier base. Managing the 

available suppliers on the market and comparing them with each other could become 

increasingly difficult. Due to the continued growth of the market and also that it is quite easy 

to enter the market for C-parts, which means that a great number of suppliers has to be 

considered. Bufab are not necessarily experiencing a problem with their supplier selection 

process but they are continuously striving to adapt and improve in order to increase their 

market share. Bufab recognizes opportunities for improving this process through digital 

innovations in the form of ML (SCDM, 24-01-18). According to a study by Chan et al. (2008) 

the majority of decision-makers can only consider about seven to nine variables when making 

a decision. In traditional decision-making human judgement plays a big role and that makes 

many decisions subjective. Subjective decisions are qualitative which makes them difficult to 

quantify and in turn compare with other decisions (Chang et al., 2008). In comparison to this, 

ML can consider at least 16 variables as is done by Zhang et al. (2016) in their study and they 

came to the conclusion that the performance of ML increased with an increased supplier base 

(ibid.). This could be favourable considering the great number of potential suppliers available 

for C-parts. However, ML can have its challenges since it can be very complex and there are 

many aspects to consider, such as which method to use and what variables to include. In order 
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to successfully handle the complexity, a workforce experienced in ML is needed (Zhou et al., 

2017). In addition to this, it can be challenging to fully automate the process of ML and make 

the data understandable (Ghahramani, 2015). Even so, the trend is that automation will handle 

an increased part of the workload in the future and companies that are able to begin this 

transition now will put themselves in a good position to be market leaders in the future 

(Lyons et al., 2017). This study will focus on identifying and ranking variables that can be 

used for supplier selection with ML. The study will also weigh the benefits and challenges 

with ML, in general and for supplier selection. The work of creating the algorithm(s) and its 

implementation(s) lies outside the scope of this study. Based on the problem discussion the 

following three research questions emerged. 

 

1.4 Research questions 

 

1. What variables could be used for developing a Machine Learning algorithm for 

supplier selection in Bufab? 

2. How can these identified variables be ranked to benefit supplier selection in 

Bufab? 

3. How could Machine Learning be beneficial for Bufab’s current supplier selection 

process and what are the challenges? 

 
1.5 Purpose 

The purpose is that this study is going to be a first step for Bufab towards an implementation 

of Machine Learning (ML). The study aims to provide a framework for the variables needed 

to create a ML algorithm for supplier selection and how the identified variables can be 

ranked. The study also aims to provide a list of benefits and challenges with ML, in general 

and for supplier selection. 
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1.6 Thesis disposition 

 
 

Chapter	3:	
Theoretical	chapter	

3.1	The	suppler	selection	process	
3.2	Supplier	selection	variables	
3.3	Variable	ranking	
3.4	Machine	learning	

3.5	Supplier	selection	with	Machine	
Learning	
3.6	Benefits	and	challenges	with	
Machine	Learning	
3.7	Summary	of	the	theoretical	
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Figure 4: Thesis disposition (own illustration) 
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2. Research Methodology 

The first section (2.1) is a description of what kind of study this is, an introduction to the 

qualitative case study and why it is a good fit for this study. Following (2.2) is the sample 

selection which specifies the origin of the collected data and how the respondents were 

selected. In section 2.3 is a thorough explanation on how the theoretical data was gathered 

and key search terms. Following in 2.4 is the key empirical data collection methods where 

interviews and surveys are presented, along with a list of the respondents. 2.5 describes how 

the data was analyzed and section 2.6 include a brief insight into the work process of this 

study. Concluding this chapter is (2.7) research quality and (2.8) ethical considerations and 

(2.9) individual contribution. It all ends with a summary in 2.10. 

 

2.1 Research Design 

When approaching a research study there are several aspects to consider when choosing its 

design. The first choice is between a quantitative or a qualitative study. A quantitative study is 

according to Bryman and Bell (2003) conducted in a deductive manner, where the purpose is 

comparing known theory with practical research while a qualitative study is putting emphasis 

on words rather than measurements. Bryman and Bell (2003) also suggest that in qualitative 

research an inductive approach is prefered. The focus often revolves around individuals own 

experiences, which means that qualitative designs are favourable in social studies. This study 

used a qualitative design. However, there are qualitative tendencies in the form of a survey. 

The survey is further described in section 2.4.2.  

 

A case study can be described as a detailed and comprehensive study of a specifically chosen 

case (Bryman & Bell, 2003). According to Yin (2012), case studies are fitting when the 

research include a descriptive or an explanatory question. A descriptive question include the 

term “what” while an explanatory question include either “how” or “why”. This research can 

be characterized as a case study since the research questions include both “how” and “what”. 

This study include one “what-question” and two “how-questions”. Further, there are two 

kinds of case studies, the multiple and the single case study. This is a single case study and 

according to Yin (2014) the single case study is appropriate to use under several 
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circumstances. Yin (2014) describes five different rationales that fit into the single case study: 

critical, unusual, common, revelatory and longitudinal.  

 

This case is one of common practice where the process studied is recurring on a daily basis in 

Bufab. The process of selecting suppliers include several employees. This workforce belong 

to a certain part of the company and can therefore easily be detached and made into a study 

object. This method is called the embedded approach, where the overall object of study is 

Bufab and how Machine Learning (ML) could affect them. However, the sub-unit of 

procurement, and more precisely the process of selecting suppliers, is the main study object. 

The other approach that could be taken is the holistic one, where there are no clear sub-units 

to study. This approach have a broader spectrum of study and can according to Yin (2014) be 

troublesome because the nature of the case study may shift during the course of the study. 

 

This case study took place over a five months period that started in January and ended in May 

2018. The interviews held reflected the situation at that time. The secondary data, which was 

in the form of documents from Bufab, included both current and historical data. 

 

2.2 Sample Selection 

There are several different approaches to select a sample for a study, and depending on what 

types of data the researcher(s) want to collect there are more or less suitable options. For this 

study, which is a qualitative case study, the data collection technique is interviews which 

corresponds well with the technique of non-probability sample. Within this technique there 

are three different methods: comfort selection, snowball selection and quote selection. The 

comfort selection method is when the researcher(s) chooses respondents that are easily 

accessible. This method often yield high response rates, but with the issue that it is hard to 

generalise the result. Snowball selection is a form of comfort selection but where the 

researcher initially contact a one or a few people who then recommend further interview 

respondents. A identified issue with snowball selection is that it is rarely representative of the 

entire population. Quote selection is rarely used in academic research but is rather frequent in 

commercial investigations and was therefore not interesting for this study.  

 

This study used a snowball selection where the first interview person was the Supply Chain 
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Development Manager (SCDM) of Bufab. The SCDM was chosen because the study very 

much concerns that area and that person was the authors’ mentor from the company. The 

selection of the other respondents at Bufab was made by the SCDM with the criterias that 

they were involved in or had insights into the supplier selection process. Further, the SCDM 

helped the authors come in contact with a Manager of Data Science from a ML company, 

who was also interviewed. In addition to this, another ML company was approached and they 

also offered an interview but with a Sales Manager. Both the ML companies and their 

employees has asked to be anonymous. 

 

2.3 Theoretical Data Collection 
In order to build a theoretical base for this study a thorough review of literature was 

conducted. The collection started with a search based on key terms related to the field of 

study, which built the frame of reference. The key terms are summarized in figure 5 below 

and listed so that they reflect which research question they are connected to. The databases 

utilized for searching for articles was Google Scholar and OneSearch. These two databases 

include peer-reviewed articles, which increases their credibility. The literature used for this 

study is mostly from credible and well-known sources and authors. Information that was 

relevant but not found from those sources was gathered through websites such as Forbes, IGI-

global, Industryweek etc.). 
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Figure 5: Key search terms for the study (own illustration) 

  
 

“Machine Learning 
in supplier selection” 

 

“Supplier selection 
process” 

 

“Machine Learning 
Attributes” 

 

“Machine Learning 
Features” 

 

“Supplier selection 
variables” 

 

RQ1: 
What variables could 

be used for 
developing a Machine 

Learning algorithm 
for supplier selection 

in Bufab? 

RQ2: 
How can these 

identified variables be 
ranked to benefit 

supplier selection in 
Bufab?   

RQ3: 
How could Machine 

Learning be beneficial 
for Bufab’s current 
supplier selection 

process and what are 
the challenges?  

“Machine Learning 
Variables” 

 

“Variable 
Classification” 

 

“Variable Ranking in 
Supplier Selection” 

 

“Variable Selection” 
 

“Attributes for 
Supplier Selection” 

 

“Choosing Supplier 
Selection Variables” 

 

“Machine Learning” 
 

“Benefits of 
Machine Learning” 

 

“Machine Learning 
Practical Example” 

 

“Machine Learning 
in Industry” 

 

“Machine Learning 
Cycle” 

 

“Machine Learning 
Mistakes” 

 

“Machine Learning 
Challenges” 

 

“Supplier Selection 
with Machine 

Learning” 
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To gain further theoretical insight, a literature review was conducted, which is an important 

component of the research process and is used to justify the research question(s) (Bryman & 

Bell, 2003). The literature review is also a sort of selection process where the authors 

judgments are involved regarding what to include and exclude in the study. There are two 

primary types of literature reviews, the systematic and the narrative (ibid.). Narrative 

literature reviews are descriptive publications that discuss the scientific state on a specific 

topic, from both a contextual and a theoretical point of view. Systematic literature reviews are 

planned to answer specific questions with a methodology to identify, select and evaluate 

results from the literature (Rother, 2007). For this study a systematic literature review was 

used to gather information about variables commonly used in supplier selection. The literature 

review was summarized in a table (table 3 in chapter 3.2) for better overview and 

understanding and is based on six articles found in Google Scholar. 

 

2.4 Empirical Data Collection 
The empirical data collected is mostly of qualitative nature, which according to Bryman and 

Bell (2003) is the most common kind of data in case studies. To collect qualitative data, 

interviews, observations and reviews of documents are all good sources. The information 

found in these sources can be complemented by quantitative data to further support findings. 

There are several different kinds of qualitative data, which consist of detailed descriptions 

about specific situations, occurrences, people, interactions or behaviors (Merriam, 1994). 

 

There are two different types of data that can be collected, primary and secondary (Bryman & 

Bell, 2003). Before any primary data was collected the authors studied theory regarding 

supplier selection, ML and Supplier selection variables. According to Bryman and Bell 

(2003) this would be categorized as a deductive approach, which is the most common way of 

looking at the relationship between theory and empirical data.  

 

For this study, information was gathered in the form of primary data, which according to 

Bryman and Bell (2003) is information directly gathered by the authors for the purpose of 

answering a specific set of questions. Information was also gathered from secondary sources, 

which is data that was prepared by someone else, in this case Bufab. The study used 
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secondary data about Bufab’s supplier selection process, which came from documents that the 

company provided. 

 

2.4.1 Interviews 

Interviews are one of the most important sources of case study evidence. There are three kinds 

of different interviews; unstructured, semi-structured and structured (Yin, 2014). The use of 

unstructured interviews is often preferred when the interviewer is not very informed about the 

studied process and unable to ask relevant questions. What differentiates the unstructured 

interview from the structured and semi-structured is that there is no clear agenda or questions. 

The aim of an unstructured interview is to gain insight in order to ask more relevant questions 

further along in the study. Unstructured interviews are often used in the beginning of a study 

and requires great flexibility from the interviewee(s) to avoid the risk of incoherent 

information (Merriam, 1994). 

 

When more information is gathered the use of semi-structured interviews is preferred and that 

is what this study mainly used. Information about the interviews and interviewees can be 

found in table 1. Semi-structured interviews are carried out with the help from an interview 

guide, which in this study is based on theory about supplier selection and ML. The authors 

decided to use a guide in order to make sure that the interviews stayed on topic as well as 

simplifying for the interviewers to remember the questions. It is also recommended to 

structure the interview guide so that it can be modified during the interview (Eklund, 2012). 

This guide includes qualitative questions that are considered important for the study. 

Qualitative interviews are openly structured, which means that the respondents are given the 

opportunity to formulate their answers in their own way (ibid.).  

 

In many situations it can be interesting for qualitative researchers to record interviews 

because this emphasises what is said but also how it is said. When the interview is recorded 

the interviewers do not need to make notes themselves, which otherwise would take up both 

time and attention. However according to Bryman and Bell (2013) recording interviews might 

affect the respondent(s) negatively if they mind being recorded. In this study the respondents 

were asked if recording was fine, and all of them gave consent. If they would have been 

against recording than the interviews would still have taken place but notes would have been 
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the primary recording tool. Once the material was gathered it was transcribed for easier access 

and also so that the respondents could review what had been said.  

 

Below in table 1 is a summary of all the interviews held during the study, what type of 

interviews and their duration as well as the topics and the titles of the persons interviewed. 

Job title Date of 
interview 

Type of interview Time of 
interview 

Topic 

Supply Chain 
Development Manager 

2018-01-24 Unstructured - in person 2 hours Research questions and 
approach to study 

Supply Chain 
Development Manager 

2018-03-08 Unstructured - in person 2 hours Scope of study - Defining 
supplier selection in Bufab 

Group Sourcing 
Manager 

2018-03-27 Semi-structured - in 
person Appendix A 

1 hour Supplier selection in 
Bufab, focus on variables 

Director Digital Bufab 2018-03-27 Semi-structured - in 
person Appendix A 

1 hour Supplier selection in 
Bufab, focus on variables 

Team Leader 
Procurement 

2018-03-27 Semi-structured - in 
person Appendix A 

1 hour Supplier selection in 
Bufab, focus on variables 

Sales Manager at AI-
company 1 

2018-04-26 Semi-structured - 
telephone interview 
Appendix B 

30 minutes How customers benefit 
from ML solutions 

Manager Data Science 
at AI-company 2 

2018-04-27 Semi-structured - 
telephone interview 
Appendix B 

45 minutes Possibilities with ML in 
supplier selection 

Table 1: Interview schedule (own illustration) 

 

2.4.2 Surveys 

In a case study research, as a way to produce quantitative data supporting the evidence, 

surveys can be used. This is a way to introduce more cases of evidence in the study (Yin, 

2007). After conducting the semi-structured interviews, following the interview guide in 

appendix A, the respondents were asked to fill out a survey. The survey included the 29 

variables identified in the literature review and the respondents from Bufab was asked to rank 

and notify which ones are used by Bufab and which ones are not. When using surveys, which 

is a common way to measure consistent quality, a Likert scale can be used as a ratings format 

for ranking. Respondents rank quality from low to high or best to worst using five or seven 

levels. Likert scales were developed in 1932 as the well known five-point bipolar response 

scheme, that many people are familiar with today. The use of these scales can vary from a 
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group of categories, least to most, agreement level, approving or disapproving and true or 

false. There is no right or wrong way of constructing a Likert scale. The most important thing 

to remember is to have at least five response categories. Data can generally fit into one of four 

groups when gathered from surveys (Allen & Seaman, 2007). According to Allen and Seaman 

(2007) these are the following groups: 

 

1. Nominal data: A weak level of measurement where categories are present but with no 

numerical representation. 

2. Ordinal data: This type of data can be ordered after a certain rank but there is no 

possible measure of distance. 

3. Interval data: This data is generally integer, where both order and distance 

measurements are possible. 

4. Ratio data: There can be a meaningful order, distance, decimals and fractions between 

the different variables in this data type. 

 

When analysing data using nominal, interval and/or ratio data it is commonly straightforward 

and transparent. However analysis of ordinal data, especially as it relates to Likert or other 

scales in surveys, are not as straightforward and transparent. It is common to treat ordinal data 

as interval because it is easier to handle when analysing. If treating ordinal data as interval (or 

ratio) data and not examining values and objectives of the analysis it can lead to a misleading 

and incorrect representation of the findings. The initial analysis of Likert scale data should 

rely on the ordinal nature of the data, as opposed to the parametric statistics. Likert scale 

variables usually represent an underlying continuous measure, where analysing individual 

items parametric procedures should only be used as a pilot analysis (Allen & Seaman, 2007). 

The data gathered from this study’s survey is in the format of ordinal data, meaning they can 

be ranked, but the distance between them can not be taken into account. The ranking present 

in the empirical chapter is therefore solely used to get an overview of importance. The survey 

used in this study, which can be found in appendix A, was distributed to the four interviewees 

at Bufab. Three of the respondents filled out the survey and the results presented are based on 

that data. 
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2.5 Data Analysis 

When analyzing the collected data it is important to remember the scope of the study, which 

in this case is the action of supplier selection. There are five different techniques on how to 

analyze case study qualitative data (Yin, 2014). These five techniques include: pattern 

matching, explanation building, time-series analysis, logic models and cross-case synthesis. 

The pattern-matching technique means to come up with some sort of expected findings, or 

hypothesis, at the beginning of the study. This technique would then enable the researchers to 

link an expected finding or a theoretical pattern to an operational or an observed pattern (Yin, 

2012). 

 

This study used the pattern-matching technique where the theoretical pattern, about ML in 

supplier selection, was linked to the empirical findings about the current supplier selection 

process in Bufab. In the first part of figure 6 can be seen the theoretical aspect in which 

existing theories and ideas are included. The next step is the conceptualization where the 

theories are assembled. For this study an example is the literature review of the supplier 

selection variables, which forms the theoretical pattern along with a collection of theories 

from peer-reviewed articles and books. Further information is gathered about advantages and 

disadvantages with ML. The bottom half of the figure starts with the collection of empirical 

data, which is then organized through transcription and summarizing to form the empirical 

pattern. The theoretical and empirical patterns are in the end brought together and analyzed. 

With the linkage and analysis, the researcher(s) can discover whether the patterns matched or 

not. 
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Figure 6: Pattern matching (own illustration based on Yin, 2014) 

 

With grounds in pattern matching by Yin (2014), the authors have composed a model of 

analysis and it is visualized below in figure 7. This is a representation of how the theory and 

empiry is divided between the different research questions posed, and how the study is 

structured. 
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Figure 7: Model of analysis (own illustration) 

 
2.6 The Work Process 

Bufab had in advance prepared a list of research areas they were interested in having 

explored. One of these areas was digitalization, more specifically ML, in their Source-to-

Contract (S2C) process. This can be categorized as a selection that was made out of comfort 
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due to the availability of the research suggestion (Bryman & Bell, 2003). After reviewing the 

research suggestions the authors scheduled a meeting with the SCDM of Bufab to discuss the 

research questions and approach to the study. The first meeting can be categorized as an 

unstructured interview, which according to Merriam (2008) is useful when the interviewer(s) 

is not well informed on the subject. During the unstructured interview the authors were also 

taken on a tour around the company building and at the end of the interview the SCDM 

provided the authors with additional material in the form of a handbook about Bufab.  

 

The gathering of theoretical inputs have been continuous over the course of the study. 

Constant reviews and revisions of theory have been done. The construction of the theory 

started out with gathering different main articles to use, where the combination of ML and 

Supplier selection was present. When it became clear that this is a relatively new area the 

authors further expanded the search to theories about traditional supplier selection and articles 

surrounding the subject of ML. Theory about ML have been collected through various 

sources, mainly books and articles describing the different components of ML. The main part 

of the supplier selection theory circles around the use of different variables to select suppliers. 

A literature review was conducted to find the most commonly used variables, which can be 

found in table 3 in chapter 3.2. 

 

The collection of empirical data was mostly gathered through semi-structured interviews 

where a set of questions was set up in advance and the interviewees were able to form their 

answers in their own way and not just strictly answer the questions. The semi-structured 

interviews of Bufab employees were all held the same day where the authors collected data 

about the current supplier selection process and variables. All of the interviews were recorded 

and later transcribed for improved accuracy. 

 

2.7 Research Quality 

In order to assure the quality of the study there are certain quality measures that can be 

considered, where one of them is trustworthiness. Trustworthiness as a quality measure 

include four criterias: credibility, transferability, dependability and confirmability. 

Credibility, or internal validity, mean that the research is guaranteed to have its foundation in 

relevant theory. Further, the results of the study should be presented to the people involved so 
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that they can validate the work. Transferability, or external validity, is a criteria to make sure 

that the study is thoroughly documented so that if another researcher performs the same study 

with the same approach the results would be the same. Dependability, or reliability, is a 

criteria that also involves making a thorough documentation of the research, but with the 

purpose that colleagues should be able to validate the work. The last criteria is the 

confirmability, or objectivity, which is there so that the researchers can guarantee that they 

have acted in good faith and not allowed personal opinions to affect the study (Bryman & 

Bell, 2003).  

 

This study’s credibility is confirmed through the use of recognized literature and that the 

collected data was recorded so that the authors and the interviewees could review it. The 

transferability of this study is made possible because it is structured and written in such a way 

that it can be applicable to other companies with similar processes and products as Bufab. The 

interview guide is unbiased and with strong grounds in relevant theory. In addition to this, the 

empirical data is presented without personal opinions and modification since it is transcribed 

based on the interview recordings. The dependability is fulfilled through careful and thorough 

documentation of the study with references to the used literature so that the work can be 

validated. The last criteria, confirmability, is guaranteed since the authors did not have 

anything to gain by steering the study in a certain direction. Therefore, the theory and 

empirical data is presented truthfully and objectively. There are empirical data from the 

interviews that are not presented in the study. The reason for this is that not everything that 

was said contributed to the study. However, that information can be obtained from the authors 

upon request. The master Excel sheet with the all the different tables can also be requested 

from the authors. 

 

2.8 Ethical Considerations 

Ethical considerations in a social scientific study is about how the individuals studied are 

being treated and how the researchers should handle different individuals in different 

situations. There are a couple of ethical principles to be considered in this type of study. The 

demand for information is stating that the people involved in the study must have access and 

know the purpose of the study. The demand for compliance is making sure that the 

respondents know that they are participating voluntarily and can end the interviews at any 
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time. In addition to this, the study need to be able to guarantee that the information obtained 

about a company or an individual will not end up with unauthorized people. The participants 

should also be offered the choice of being anonymous while the data collected should only be 

used for the purpose of the study. Last but not least, there is a consideration that states that no 

participant should be given misleading or incorrect information about the study (Bryman & 

Bell, 2003). 

 

The participants were presented with the study’s purpose in advance and they were also 

informed that their participation was voluntary and that they could quit the study at any time. 

Bufab and their employees as well as the other participants were given the opportunity to be 

anonymous. The respondents from Bufab did not mind being mentioned by name but the 

authors choose to refer to them via their titles instead since that deemed to be more 

informative. The other two respondents asked that both they and their companies remained 

anonymous. The material gathered during the study was used exclusively for this study. These 

considerations ensures that the study meet the ethical criterias presented in this chapter. 

 

2.9 Individual contribution 

Both authors of this study have participated in all the mandatory meetings, tutoring sessions 

and seminars associated with the study. Both of the authors have also been present during the 

interviews as well as the visits to Bufab. The text is written and reviewed by both authors. 

The writing was done mostly during office hours and both authors was present almost every 

day, with a few exceptions because of sickness or other personal reasons. The authors have 

slightly different qualities and have been able to help each other out as well as learn from 

each other.  
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2.10 Methodological summary 
 
Methods What is used 

Research design Qualitative single case study 

Data collection Primary data - unstructured and semi-structured interviews, 
survey 
Secondary data - Documents 

Data analysis method Pattern matching 

Research quality Trustworthiness 
-Credibility 
-Transferability 
-Dependability 
-Confirmability 

Ethical considerations The demand for; 
-Information 
-Compliance 
-Confidentiality 

Table 2: Methodological summary (own illustration)
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3. Theoretical chapter 
The first section (3.1) is to give a background to the scope of the study and include van 

Weele’s supplier selection process. 3.2 is about different supplier selection variables that are 

considered important and include a literature review. The ranking of the identified variables 

is discussed in section 3.3. Moving on to the second major area of this study in 3.4 with 

Machine Learning (ML, which includes a background to the concept, the different types of 

learning and data as well as algorithms. Following in section 3.5 is the connection between 

supplier selection and ML. The chapter concludes with a summary of the benefits and 

challenges with ML (3.6) and a summarizing table in 3.7 of the entire chapter. 

 
3.1 The Supplier Selection process 

Supplier selection is a critical process and one of the most important steps in procurement. 

According to van Weele (2014) the supplier selection process includes four different steps: 1) 

determining the method of subcontracting, 2) preliminary qualification of suppliers and 

drawing up the ‘bidder’s list’, 3) preparation of the request for quotation and analysis of the 

bids received and 4) selection of the supplier (van Weele, 2014). These steps are illustrated in 

figure 8.  

 

Supplier selection starts with identifying the pre-qualification requirements, which according 

to van Weele (2014) should be based on the purchase order, that the supplier will have to 

meet. The following step involves gathering a supplier pool with potential suppliers that could 

handle the order. It is common that large companies already have an approved supplier list to 

choose from. The potential suppliers will be contacted through a request for quotation (RFQ). 

The suppliers who are interested and present their bids will ideally do so in such a way that 

the buyer can compare the bids. This process is called the tendering process, where tenders 

are either formal or informal and can be open or closed. An open tender welcomes bids from 

all suppliers who can meet the criterias and are interested while a closed tender has a 

predetermined set of specific suppliers (ibid.). According to van Weele (2014) a bidders’ 

shortlist is usually made up of three to five potential suppliers. The next step is to evaluate the 

suppliers’ bids and eventually select the supplier(s) (ibid.). 
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Figure 8: Supplier selection process (own illustration based on van Weele, 2014) 

Supplier selection is a continuous process where the supplier pool(s) will change every now 

and then, either because new orders require it or because the variables changes (Lima Junior 

et al., 2014). When choosing or changing suppliers there are several different variables to 

consider and these variables will be presented and discussed in the coming chapters. 

 

3.2 Supplier selection variables 

Supplier selection decisions are based on both quantitative and qualitative variables (Lima 

Junior et al., 2014; Paul, 2015). Variables of quantitative nature deals with quantity or 

numbers and these variables can be measured and compared. In statistics, most of the analyses 

are done using quantitative variables (Surbhi, 2016). When data or a variable is qualitative it 

will provide insights and understanding about a problem. It cannot be computed, however it 

can be approximated. The nature of data is descriptive and is therefore difficult to analyze. 

When this kinds of variables are interpreted it is in spoken or written narratives rather than 

numbers. For collection and measurement of data both quantitative and qualitative variables 

are useful. They both have their merits and demerits, qualitative data might lack reliability 

while quantitative data might lack description, but when they are used together it reduces the 

risk of error in the data (ibid.). 

 

In existing literature regarding decision models, quantitative variables have been considered 

standard for supplier selection. This leads to several factors being left out of the decision that 

might otherwise influence the outcome (Boran et al., 2009). 

 

To get an insight into the most important variables for supplier selection, a literature review 

was conducted to identify the most relevant variables. Six different articles about supplier 
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selection was used for the review: Kar and Pani (2014), Chang et al. (2011), Chan et al. 

(2008), Lima Junior et al. (2014), Şen et al. (2008) and Paul (2015). The literature review is 

presented in table 3. In the article by Paul (2015) the included variables was classified as 

either quantitative or qualitative. The other variables, that was not included in the article by 

Paul (2015), did not have that kind of classification so the authors of this study classified 

them. To get a better overview of the variables they are also clustered in different variable 

groups. The variable groups are based on Deng et al. (2014), where the different groups are: 

cost, quality, service performance, supplier profile and risk. 

 

Variable group Variable Quantitative or 
Qualitative 

Examples of central references 

Cost 
 

Price/Product Price Quantitative Kar and Pani (2014); Chang et al. 
(2011); Chan et al. (2008); Lima Junior 
et al. (2014); Şen et al. (2008); Paul 
(2015) 

Total logistics management 
cost 

Quantitative Chan et al. (2008); Lima Junior et al. 
(2014) 

Tariff and taxes Quantitative Chan et al. (2008) 

Quality 
 

Product Quality/Reliability Qualitative Kar and Pani (2014); Chang et al. 
(2011); Chan et al. (2008); Lima Junior 
et al. (2014); Şen et al. (2008) 

Percentage of defective items Quantitative Paul (2015) 

After sale/Warranty Qualitative Lima Junior et al. (2014) 

Service 
performance 

 

Delivery 
Compliance/Performance 

Quantitative Kar and Pani (2014); Chang et al. 
(2011); Chan et al. (2008); Lima Junior 
et al. (2014); Şen et al. (2008); Paul 
(2015) 

Reaction to demand change 
in time 

Qualitative Chang et al. (2011); Paul (2015) 

Stable delivery of goods Quantitative Chang et al. (2011) 

Lead-time Quantitative Chang et al. (2011); Paul (2015) 

Flexibility and 
responsiveness 

Qualitative Chan et al. (2008); Lima Junior et al. 
(2014); Paul (2015) 

Customer 
response/communication 

Qualitative Chan et al. (2008); Lima Junior et al. 
(2014) 
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Supplier 
profile 

 

Commitment to quality Qualitative Lima Junior et al. (2014); Paul (2015) 

Production Capability Quantitative Kar and Pani (2014); Chang et al. (2011) 

Technological Capability Qualitative Kar and Pani (2014); Chang et al. 
(2011); Chan et al. (2008); Lima Junior 
et al. (2014); Paul (2015) 

Financial Position/Situation Qualitative Kar and Pani (2014); Chang et al. 
(2011); Chan et al. (2008); Lima Junior 
et al. (2014); Paul (2015) 

E-transaction Capability Qualitative Kar and Pani (2014) 

Innovation Qualitative Lima Junior et al. (2014); Paul (2015) 

Service/Relationship Qualitative Chang et al. (2011); Lima Junior et al. 
(2014); Şen et al. (2008) 

Conformance to specification Qualitative Chan et al. (2008); Lima Junior et al. 
(2014); Paul (2015) 

Quality assessment technique Qualitative Chan et al. (2008) 

Information sharing Qualitative Chan et al. (2008); Paul (2015) 

Facility and infrastructure Qualitative Chan et al. (2008); Paul (2015) 

Market reputation Qualitative Chan et al. (2008); Lima Junior et al. 
(2014); Paul (2015) 

Geographical location Qualitative Chan et al. (2008); Lima Junior et al. 
(2014) 

Risk 
 

Political stability and foreign 
policies 

Qualitative Chan et al. (2008) 

Exchange rates and economic 
position 

Qualitative Chan et al. (2008) 

Environmental factors Qualitative Lima Junior et al. (2014); Paul (2015) 

Terrorism and crime rate Qualitative Chan et al. (2008) 

Table 3: Literature review of variables in supplier selection (own illustration) 
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3.2.1 Cost variables 

One of the most basic variable groups when it comes to selecting suppliers is cost, all 

quantitative measures regarding expenses can be sorted under this group. It is seen as one of 

the most important criteria for selecting a supplier (Deng et al. 2014). Further, profit 

maximization cannot be achieved without cost minimization, giving the cost variables 

importance. The first variable in the cost category is product price, there are several different 

ways to find this information, the most common being, asking the supplier. It is mentioned in 

all six reviewed articles and is considered the most basic variable to account for. Total 

logistics management costs is the costs for transporting and handling the products, 

warehousing, shipping, cost of inventory. This variable needs to be dissected by the buyer to 

know what costs are implied to the buyer and what costs the supplier will manage. Tariffs 

and taxes means a tax that is levied up on goods when they cross national boundaries, usually 

governmentally regulated by the importing country. For global sourcing it is important to 

know these tariffs and taxes when making informed decisions on which suppliers to choose. 

 

3.2.2 Quality variables 

This variable group regards the quality of products sold by suppliers, quality can be a 

subjective measure that is based on what suppliers are saying about their own product. But it 

can also be a quantitative measure based on for example the amount of defective products a 

supplier sends. Product quality is required to make a good impression to the customer (Deng 

et al. 2014). Bowersox et al. (2014) explains that quality is not as simple at it may appear. 

Quality as a term can mean different things to different individuals, while almost everyone 

wants a quality product, not all agree that a certain product holds all the quality attributes 

desired. There are eight different dimensions to product quality (ibid.), they are performance, 

reliability, durability, conformance, features, aesthetics, serviceability and perceived quality. 

After sales services refer to the treatment of customer after the sale has occurred. There can 

be services attached to the product sold, for example maintenance or continuous upgrades 

(Pettinger, 2017). Warranty guaranteed by the supplier can ensure the buyer that quality is 

good, if the supplier offers warranty it is a sign that they believe in their product.  

 



 

 30 

3.2.3 Service performance variables 

Performance of a supplier in providing service is a prime criterion when deciding its 

suitability for a particular product (Deng et al. 2014). Good service given by a supplier 

impacts the overall satisfaction with said supplier. The suppliers need to ensure their delivery 

compliance/performance to ensure deliveries are on time and the goods are in acceptable 

condition. If the buyers demand change the supplier must be able to react to demand change 

in time both shorten and delay the delivery if needed. For goods that require steady deliveries 

in a set time pace it is preferred if the supplier can keep a stable delivery of goods ensuring 

there are no disruptions in the supply chain. Measuring lead-times is from the point of order 

until the goods are received and this can be crucial in some industries where buyers need 

goods fast, this measurement is at first promised by the supplier in question to later be 

measured if they live up to the promised lead-time. Being able to reduce lead-time can be a 

game changer for most processes. Faster deliveries from suppliers mean faster deliveries to 

customers (Flinchbaugh, 2012). Flinchbaugh (2012) also argues that lead-time reduction is 

the single most important metric to focus on. Responsiveness is an important factor when 

dealing with a supplier where flexibility is needed, fast answers to questions regarding 

changes in orders and new orders. The last variable in service performance is the 

response/communication to customers, it goes hand in hand with the previous 

responsiveness, how easy is it to contact a supplier, and how fast are they in responding with 

valid information. These measurements are subjective and can vary in different markets and 

from supplier to supplier. According to Danese & Romano (2011) it is established that 

networks of buyers and suppliers tie strong alliances where production and distribution plans 

are positively associated with responsiveness. 

 

3.2.4 Supplier profile variables 

Knowing past history and performance of suppliers helps greatly in making decisions when 

selecting the correct one. The value of a partnership should be thoroughly analyzed and then 

based on previous track records to compare different suppliers in order to find the most 

suitable (Deng et al. 2014). All of the variables listed under supplier profile are of qualitative 

nature. A buyer want to ensure the suppliers commitment to quality and a way to do so is 

according to Goetsch and Davis (2013) by applying three different kinds of measurements; 

statistical process control, benchmarking and quality tools. Production capability means 
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making sure that the supplier can provide the expected volumes that the buyer anticipates. 

Technological capability is defined as the ability to apply knowledge into products and 

process to operate and create technology (IGI-GLOBAL, n.d.). A company’s financial 

position/situation can be assessed by looking at basic accounting information. This is 

especially important given the need to exercise due diligence when selecting the right sources 

(Cancro and McGinnis, 2004). With the adoption of new information technology in 

procurement, new variables has emerged for supplier selection like e-transaction capabilities 

being able to handle information transactions digitally (Kar, 2013). Open innovation means 

firms are increasingly relying on the collaboration of suppliers in their innovation processes. 

It is important for buyers to achieve preferred customer status with key suppliers in order to 

tap into their innovation capabilities and collaboratively develop products (Schiele, 2015). 

Service/relationship is a variable which is performance target specified by management. It is 

often measured in terms of performance cycle time, case fill rate, line fill rate, order fill rate, 

or any combination of these (Bowersox et al.  2013). A supplier’s conformance to 

specification refers to whether a firm’s products meet the precise specifications as designed. 

It is frequently measured by looking at scrap, rework, or rate of defects in an organization. 

This measurement is often internal, but can be shared with buyers if it is necessary (ibid.). 

There are many different ways suppliers can ensure their products have good quality, some 

typical quality assessment techniques are damage frequency, and the ability to provide 

information on request, which connects with the next variable information sharing (ibid.). 

The facilities and infrastructure surrounding the supplier are indicators of how easy it is to 

move goods to where it is needed. When making a decision of which supplier to choose their 

market reputation is of importance to the buyer, if they have a good reputation they are more 

likely to be a good overall supplier. The last variable in the supplier profile group is the 

geographical location, this have an impact on freight costs and lead-time if the distance is 

great between buyer and supplier and has to be calculated for (ibid.). 

 

3.2.5 Risk variables 

Calculating for risk in supplier selection is done by a number of exogenous factors, where the 

company might not be able to affect them. The supplier selection process is often affected by 

perceived risk (Deng et al. 2014), the risk factors mentioned in this table 3 are accurately used 

in global supplier selection, where the markets purchased from might not be stable. Political 
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stability and foreign policies are important aspects in a global market. Changes in 

Government, policy or international politics can greatly influence who buyers do business 

with and how (Achilles, 2014). Exchange rates and economic position can influence where a 

company want to purchase, the commodity prices can change as the currency fluctuates. So 

choosing a country with a stable currency to purchase from is preferable. Supply management 

professionals sometimes has a choice whether to pay in their base currency or not, risks can 

be avoided if that is the case (CIPS, n.d.). Environmental factors have in the last years 

become an increasing factor when choosing a supplier. Increased environmental pressure is 

resulting in many companies beginning to consider environmental issues and the 

measurement of their supplier’s environmental performance (Humphreys et al., 2003). 

Terrorism is identified as an obstacle for business after the 9/11 incident. If possible buyers 

should avoid suppliers located in situated terrorist areas. Today there is more concern about 

this because it can hamper deliveries and lower the performance of the entire supply chain 

(Chan et al. 2008) 

 

3.3 Variable ranking 

Based on the same articles as in the literature review in chapter 3.2, the identified variables 

was also ranked. The variables are ranked based on their frequency of appearance in the six 

articles. Product price and delivery compliance/performance are considered to be the most 

important since they appear in all of the six articles. Product quality/reliability, technological 

capability, and financial position/situation comes next and appear in five of the articles. 

Flexibility and responsiveness, service/relationship, conformance to specification, and market 

reputation are next on the list and appear in half of the articles. Nine variables appear in half 

or more of the articles while the remaining 20 only appear in one or two. The entire ranking 

of the variables can be found in table 4. 
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Table 4: Theoretical ranking of the identified variables (own illustration) 

Variable

Frequency in 
articles based 

on the 
literature 

review

Ranking 
based on 
frequency

Product Price 6 1
Delivery Compliance/Performance 6 1
Product Quality/Reliability 5 2
Technological Capability 5 2
Financial Position/Situation 5 2
Flexibility and responsiveness 3 3
Service/Relationship 3 3
Conformance to specification 3 3
Market reputation 3 3
Total logistics management cost 2 4
Reaction to demand change in time 2 4
Lead-time 2 4
Customer response/communication 2 4
Commitment to quality 2 4
Production Capability 2 4
Innovation 2 4
Information sharing 2 4
Facility and infrastructure 2 4
Geographical location 2 4
Environmental factors 2 4
Tariff and taxes 1 5
Percentage of defective items 1 5
After sale/Warranty 1 5
Stable delivery of goods 1 5
E-transaction Capability 1 5
Quality assessment technique 1 5
Political stability and foreign policies 1 5
Exchange rates and economic position 1 5
Terrorism and crime rate 1 5
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3.4 Machine Learning 
Machine Learning (ML) is nowadays a highly relevant topic for companies that want to find 

innovative ways to use their data in order to get a better understanding of their business. With 

the help from ML, companies are able to forecast changes in the marketplace. With a constant 

flow of new data, the ML models can make sure that the forecasts are up to date (Hurwitz & 

Kirsch, 2018).  

 

ML utilize many different algorithms that repetitively learn from data to improve and describe 

data while ultimately predicting possible outcomes. The outcomes are also called outputs and 

comes from the ML model, which is generated when the algorithm is trained by data. When 

the model is trained, it can be given certain input and then provide the mentioned output in 

return. ML models can be either online or offline, the online models continuously receives 

new data and adjusts accordingly, while the offline models cannot be as flexible and once 

they are operational they do not change. The online models, with its continuous receiving of 

data and complex structure, can associate data in ways that humans cannot. These algorithms 

can take many variables into consideration, for example customer preferences and weather 

data (Hurwitz & Kirsch, 2018). 

 

3.4.1 The Machine Learning cycle 

Developing a ML model is a process that requires continuous work. The data used by the 

model is going to be different from one day to the next because of, for example, changing 

customer demands and/or new competitors on the market. Hurwitz and Kirsch (2018) presents 

the following eight steps as the ML cycle: 

• Identify the data: Recognizing the appropriate data is the first step. However, as the 

ML model is improved the data scope can be widened. 

• Prepare the data: The data should be secured, cleaned and kept saved. 

• Select the ML algorithm: There are a number of different algorithms available and 

more than one can be suitable for a specific business function. 

• Train the algorithm: In order to develop the ML model the algorithm has to be trained. 

The type of data and algorithm will determine whether the method of learning is 

supervised, unsupervised or reinforcement learning.  
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• Evaluate: Evaluate the different models to identify the one that achieves the best 

results.  

• Deploy: Deploy to either cloud on or-site business applications.  

• Predict: Begin to make forecasts with support from new data.  

• Assess predictions: Check the legitimacy of the ML model’s predictions. The 

assessment can then be inserted into the algorithm to improve future predictions. 

 

 
Figure 9: The Machine Learning cycle (own illustration based on Hurwitz & Kirsch, 2018) 

 

3.4.2 Different categories of learning 

ML consists of four different categories of learning: supervised learning, unsupervised 

learning, reinforcement learning and deep learning (Hurwitz & Kirsch, 2018). The different 

types of learning categories work better or worse on different types of data and problems. 

Following is an introduction to the four categories of learning. 

 

3.4.2.1 Supervised learning 

Supervised learning is according to Castle (2017) and Louridas and Ebert (2016) the most 

common approach in ML. Supervised learning usually have a data set initially established and 
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knowledge about it as well as its classification. The intent of supervised learning is for the 

model to find connections between data variables so that it can be used for analysis. Here, the 

data is known and labeled and therefore well understood by the users. There are two types of 

labels that separates the data, either it is continuous or when it comes from a certain number 

of values it is known as classification (Hurwitz & Kirsch, 2018). In Supervised learning the 

data analyst has the role of a teacher, which provides the conclusions that the machine should 

find. The goal is that when there is new input data the machine can predict the output 

variables for that data. This method has its name because the teachers can be said to supervise 

the machine (Castle, 2017; Louridas & Ebert, 2016). 

 

3.4.2.2 Unsupervised learning 

Unsupervised learning is, compared to supervised learning, more towards what many 

considers to be the real Artificial Intelligence (AI) where a machine can understand complex 

processes and find patterns without the help of human instructions. Naturally, unsupervised 

learning is also more complex than supervised learning but it can in turn be a way to solve 

problems, or consider aspects, that are beyond the capabilities of humans. Unsupervised ML 

include algorithms such as clustering and principal and independent component analysis and 

in addition to this the algorithms can consider other aspects that humans can not (Castle, 

2017). Unsupervised learning is recommended for issues that demands a great deal of 

unlabeled data. In order to make sense of social media functions like Facebook and Twitter, 

which both have great amounts of unlabeled data, one would need to use unsupervised 

learning. Unsupervised learning algorithms can figure out what the data means by classifying 

the variables based on the patterns within the data set, and it accomplishes this without the 

assistance from humans. For situations where unsupervised learning is suitable there are way 

too much data for an analyst to go through manually. Unsupervised learning algorithms 

classifies and clusters the data, which turns it into supervised data and then it can be handled 

by a supervised learning process (Hurwitz & Kirsch, 2018). 

 

3.4.2.3 Reinforcement learning 

Reinforcement learning is a technique that has been influenced by human behavior. It differs 

from other ML techniques because the algorithm is not told what to do but instead works with 

trial and error. The algorithm then receives a reaction based on its performance. It either 
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receives an award for obtaining the correct result or a penalty if the result is incorrect. Over 

time the algorithm will learn how to do it the right way (Hurwitz & Kirsch, 2018). 

3.4.2.4 Deep Learning  

Deep learning is a particular technique of ML that contains neural networks subsequent tiers 

so that it can learn from data repetitively. Deep learning is recommended when trying to find 

patterns in unstructured data. This technique is supposed to imitate how the human brain 

functions, so that machines can be trained to deal with more abstract problems where the 

definitions are less obvious. Deep learning, or neural networks, consists of at least three 

layers: an input layer, one or more hidden layers, and an output layer. The data is inserted into 

the input layer and is then processed in the hidden layer(s) and the output layer. Deep learning 

is a term used when the neural network contains more than one hidden layer. The neural 

network works iteratively and adjusts accordingly to changes before it reaches the specific 

target. Deep learning utilize both unsupervised and supervised algorithms and learns to 

acquire information from both unlabeled and unstructured data (Hurwitz & Kirsch, 2018). 

  

3.4.3 Different types of data 

In a business environment, information is always changing and originates from several 

different sources. Data comes from one of two sources. Either it is internal, such as customer, 

product, transactional and financial data or it is external, such as social media, weather 

forecasts, images and/or text on the internet (Hurwitz & Kirsch, 2018). In general, companies 

have a great amount of data but the struggle has been to find a way to use it efficiently. 

However, it is not sufficient to simply have access to data. In order for ML algorithms to be 

able to make something of the data it needs to be cleaned first. ML uses numerical values in 

their algorithms but data is usually in the form of text, which means that the text has to be 

translated into numbers (Hurwitz & Kirsch, 2018).  

 

Realizing and gathering essential patterns from massive volumes of input data for decision-

making is at the very core of data analysis and creates additional challenges. These challenges 

include variation of data composition, data changing frequently and at rapid speed, 

trustworthiness of the data, and increasing unstructured data while the structured data 

becomes more limited. Additional challenges are how to quickly collect the data and where to 

store it (Najafabadi et al., 2015). Another challenge, which is something that cannot be 
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avoided, is incomplete data. Even though some datasets can be incomplete it can still contain 

relevant information, which makes it important to be able to deal with this. When dealing 

with this challenge the data analyst need to consider if the data is missing because it was lost 

or because it never existed (Maglogiannis et al., 2007). Data can be divided into three 

different categories: structured, unstructured and semi-structured (Hurwitz & Kirsch, 2018). 

  

3.4.3.1 Structured data 

In structured data information such as length and format is known and companies usually 

have a great amount, which they store in databases (Hurwitz & Kirsch, 2018). When referring 

to structured data it is data that is fixed within a record or file. Structured data is easily 

entered, stored, queried and analyzed, which are its advantages. This was once the only way 

to store data because of the high cost and performance limitations of storage, memory and 

processing. Relational databases and spreadsheets were the only way to manage data 

effectively (Beal, n.d.). 

 

3.4.3.2 Unstructured data 

In unstructured data there is often very little known about information such as length and 

format, even though it has some kind of structure. It is relatively rare that companies utilize 

this type of data but there are huge opportunities with it. The amount of unstructured data has 

grown substantially because of smartphones and social media (Hurwitz & Kirsch, 2018). 

Examples of unstructured data is: photos, graphic images, videos, streaming instrument data, 

web pages, PDF files, PowerPoint presentations, emails, blog entries, wikis and word 

processing documents (Beal, n.d.). 

 

3.4.3.3 Semi-structured data 

Semi-structured data is, as the name suggest, a mix between the two previously mentioned. It 

is structured, but lacks the model structure. In semi-structured data, tags or similar types of 

markers are used for identifying certain elements within the data, but the data does not have a 

rigid structure. Word processing software can for example include metadata about an author’s 

name but the bulk of the text is still unstructured text. Same for emails where the sender, 

recipient, date and time can be connected in metadata while the bulk of the text is still 
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unstructured. Photos can be tagged with what they include and information about them, 

making organization possible (Beal, n.d.). 

3.4.4 Different types of algorithms 

When deciding on which algorithm to select it is according to Hurwitz and Kirsch (2018) 

science but also a form of art. Two different data scientists can handle solving similar 

business problems in various different ways, using different algorithms. What is important is 

understanding the classes of ML algorithms , different types of algorithms works better or 

worse for different sets of data. (Hurwitz & Kirsch, 2018). Following in this chapter is an 

overview of different algorithms. 

 

3.4.4.1 Bayesian 

A Bayesian algorithm tend to let data scientists encode prior beliefs about a models outcome, 

independent of what the data states. Bayesian algorithms are primarily used when the amount 

of data available is not sufficient to confidently train a model. The main focus in ML is letting 

the data define the model, but Bayesian algorithms allow scientists to add their own 

experience and knowledge in to the model (Hurwitz & Kirsch, 2018). 

 

3.4.4.2 Clustering 

Clustering is a straightforward algorithm technique where objects with similar parameters are 

grouped together. This is a type of unsupervised learning where the data available is 

unstructured. The algorithm then interprets what makes up each item and groups them 

accordingly (Hurwitz & Kirsch, 2018). 

 

3.4.4.3 Decision tree 

This type of algorithms include a structure to illustrate results of a decision. It is used to map 

the possible outcomes of a certain decision. Each node in a decision tree represent a possible 

outcome. Each possible outcome is connected with a percentage based on the likelihood of 

the outcome occurring (Hurwitz & Kirsch, 2018). 

 

3.4.4.4 Dimensionality reduction 

This type of algorithm helps systems remove data that is not useful for the purpose of 

analysis. Removing redundant data, outliers and other non-useful data. A useful area for 
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dimensionality reduction is when analysing data from sensors or articles connected to the 

Internet of Things (IoT). There are in many cases many data points saying a simple thing, 

such as if an item is turned “on” or “off”. Storing this type of data can occupy storage space 

that might be used for more important data. By removing this type of redundant data the 

performance of ML systems will improve. Another advantage of using dimensionality 

reduction is that it will help analysts visualize the data (Hurwitz & Kirsch, 2018). 

 

3.4.4.5 Instance based 

When categorization of new data points based on similarities to training data is wanted, 

instance based algorithms is a good fit. Sometimes referred to as lazy learners based on the 

fact that there is no training phase for this type of algorithms. When new data is presented the 

instance based algorithms try to match data in categories based on similarities with previous 

data. This type of algorithm does not suit well when there are random variations in the data 

set, or if there is irrelevant or incomplete data present. However they can be very helpful 

when trying to recognise patterns (Hurwitz & Kirsch, 2018). 

 

3.4.4.6 Neural networks and deep learning 

This is an active replica of the way a human brain approaches problems, this means using 

layers of interconnected units to learn and find relationships based on what is observed. In a 

neural network there can be several hidden layers, when there are more than one it is referred 

to as deep learning. Neural network models are built to be able to adjust and learn when data 

changes. Unstructured data is the most common input for neural networks and deep learning 

(Hurwitz & Kirsch, 2018). 

 

3.4.4.7 Linear regression 

In statistical analysis regression algorithms are commonly used, and they are a key algorithm 

for ML. What the regression analysis does is helping the analyst model relationships between 

data points. These algorithms can show the strength of correlation between different variables 

in a data set. In addition to this, regression analysis can be a tool for predicting future values 

of data based on historical inputs. It is important to understand the context around the data, if 

there is no correlation a regression analysis may lead to inaccurate predictions (Hurwitz & 

Kirsch, 2018). 
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3.4.4.8 Regularization to avoid overfitting 

The situation of overfitting is when a model is created based on a data set that is very specific, 

but will have poor predictive capabilities when the data is generalized. To compensate for 

overfitting, a commonly used algorithm is regularization. This is used to modify the models, 

and can be applied to any ML model. Regularization can for example be done on a decision 

tree algorithm (Hurwitz & Kirsch, 2018). 

 

3.4.4.9 Rule-based Machine Learning 

In rule-based ML algorithms relational rules are used to describe data. A rule-based system 

can be applied to all incoming data, rule-based algorithms are according to Hurwitz and 

Kirsch (2018) very easy to understand in abstract. However when they are operationalized 

they can become very complex. The more data that is fed to the model, the bigger the risk of 

exception rules there is. Important to note when creating a rule-based system is to keep it 

simple so that the transparency is not lost (Hurwitz & Kirsch, 2018). 

 

3.4.4.10 Summary of Algorithms 

Table 5 below gives an overview of the different algorithms presented in the chapter with a 

brief description about each. 

 

Type of algorithm Brief description 

Bayesian Used when data scientists have knowledge of the problem 

Clustering Used when large quantities of unstructured data, to group similar types of data 
together. 

Decision tree Visualisation of data structure when decisions can be made 

Dimensionality reduction Useful when cleaning of data is necessary, reducing storage space and speeds 
up algorithms 

Instance based Uses a previous data set to train on, then taking decisions based on the rules set 
up on the training data. 

Neural network and deep 
learning 

Using unstructured data, continuously learning to make better informed 
decisions. Neural networks work similarly to the human brain. 

Linear regression Common statistical tool, used for showing correlation between different 
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variables. 

Regularization to avoid 
overfitting 

Used in conjunction with other types of algorithms to improve outcome of 
analysis. When an algorithm is trained on a specific data set. 

Rule-based Machine 
Learning 

Setting up rules on how to interpret data, important to keep it simple to avoid 
skewered results. 

Table 5: Overview of the different kinds of algorithms (own illustration based on Hurwitz & 
Kirsch, 2018) 

 

3.5 Supplier selection with Machine Learning 
During analysis or when trying to establish relationships between multiple variables, humans 

are often inclined to make mistakes. In complex decisions it  can be difficult to find the 

correct solution, but ML have showed promise in improving efficiency of decision making 

(Maglogiannis et al., 2007). ML revolves around the problem of prediction, to produce a 

prediction based on known variables (Mullainathan and Spiess, 2017). ML can manage to 

uncover patterns that can be generalized. The main success factor of ML according to 

Mullainathan and Spiess (2017) is its ability to discover structures that are not specified in 

advance. Zhang et al. (2016) also explored ML for supplier selection. In their study, new 

suppliers was considered for every customer order, even if multiple orders came from the 

same customer. The ML model from this study got better at selecting suppliers with time 

since it could learn from historical experiences and the more data was available the easier it 

became. The process is that the ML algorithm will first filter through all the available 

suppliers from the supplier portfolio and then remove those that cannot meet the requirements 

of the order. After the filtering there will be a set of suppliers left that all can meet the order 

requirements. The study further uses a method called ranking neural network in order to rank 

the recommended suppliers so that the best one can be identified and the supplier that gets the 

highest ranking is considered to be the most suited for the order (Zhang et al., 2016). Further 

Zhang et al. (2016) writes that ML is recommended for companies that have many different 

suppliers to choose from. 

 

ML is heavily dependent on data, which is the basis for its process and decisions and this 

means that the quality of the data is of great importance. If the data is of poor quality then that 

is going to reduce the performance of the machine, even if the machine itself is very complex 

and high quality. On the other hand, if the data is of good quality then a simple machine can 
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perform very good. Because of this, the process of variable engineering becomes an important 

part of ML. Variable engineering is the process of deciding on variables and constructing 

them from raw data (Najafabadi et al., 2015). According to Najafabadi et al. (2015) the 

process of engineering the variables preoccupies a great deal of time and is currently very 

human intensive. If this part could be increasingly automated it would be a serious 

breakthrough for ML. 

 

3.6 Benefits and challenges with Machine Learning 

During the previous chapters, 3.4 Machine Learning and 3.5 Supplier selection with Machine 

Learning, a number of different benefits and challenges was mentioned. In order to present 

them more clearly there is a summary of the benefits in table 6 and a summary of the 

challenges in table 7. 

 

Benefits Examples of central 
references 

A greater number of variables can be considered Hurwitz & Kirsch, 2018 

Learn from historical data and predict outcomes Hurwitz & Kirsch, 2018 

Find patterns between variables that humans cannot Castle, 2017 

ML can make use of data that companies have but do not 
know how to use 

Hurwitz & Kirsch, 2018 

The more data available, the better predictions Zhang et al., 2016 

ML is recommended for companies with a large supplier 
pool 

Zhang et al., 2016 

ML can help filter out unsuited suppliers based on order 
requirements 

Zhang et al., 2016 

Table 6: Benefits with ML in supplier selection (own illustration) 
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Challenges Examples of central 

references 

The need for new competencies Zhou et al., 2017 

Translate data from text to numbers Hurwitz & Kirsch, 2018 

Variation of data composition Najafabadi et al., 2015 

Data changing frequently and at rapid speed Najafabadi et al., 2015 

Trustworthiness of the data Najafabadi et al., 2015; 
Hurwitz & Kirsch, 2018 

How to collect data and where to store it Maglogiannis et al., 2007 

Incomplete data Maglogiannis et al., 2007 

ML needs a great amount data to be successful Najafabadi et al., 2015 

Table 7: Challenges with ML in supplier selection (own illustration) 
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3.7 Summary of the theoretical chapter 
 
 

Summary of the theoretical chapter 

3.1 The supplier selection 
process 

Based on van Weele (2014) the supplier selection process is explained with the 
action of selecting a supplier in focus. 

3.2 Supplier selection 
variables 

A literature review of six different articles was conducted where the major 
variables of supplier selection was included. It comes down to 29 variables 
classified in five different variable groups: 
-Cost variables 
-Quality variables 
-Service performance variables 
-Supplier profile variables 
-Risk variables 
  
Each of the variables have been briefly explained in this section. 

3.3 Variable ranking Based on the literature review conducted a table is formed ranking the 29 
variables based on frequency. 

3.4 Machine learning The basics of Machine Learning including: 
3.4.1 The Machine learning cycle 
3.4.2 Different categories of learning 
-Supervised 
-Unsupervised 
-Reinforcement 
-Deep learning 
3.4.3 Different types of data 
-Structured 
-Unstructured 
-Semi-structured 
3.4.4 Different types of algorithms 
-10 different types explained briefly 
  

3.5 Supplier selection with 
Machine learning 

Showing studies connecting Supplier selection with Machine learning. Zhang et 
al. (2016). Basic dependencies with machine learning when applying to Supplier 
selection 

3.6 Benefits and 
Challenges with Machine 
Learning 

A list and descriptions of found benefits and challenges with machine learning 
summarized in a table in this chapter. 

Table 8: Summary of the theoretical chapter (own illustration) 
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4. Empirical data 
The empirical chapter is a collection of the empirical data from interviews, surveys and 

secondary data. The first section (4.1) is a summary of what the current supplier selection 

process in Bufab looks like. Section 4.2 is about the identified variables, which ones Bufab 

uses and how they are using them. Following is section 4.3, which includes the ranking of the 

identified variables based on the survey from appendix A. Continuing in 4.4 is an exploration 

of Machine Learning (ML) in supplier selection. The chapter concludes with section 4.5, 

which includes a summarizing table of the benefits and challenges with ML, and section 4.6 in 

which there is a summarizing table of the whole empirical chapter. 

 
4.1 Current supplier selection in Bufab 

In Bufab Sweden AB there are two employees that make up the foundation of the supplier 

selection function. The process begins with a request from the sales personnel, who uses a 

special template, designed by Bufab themselves, to fill in the details of the order. There is 

room for information such as customer requirements, volume and when the article needs to be 

delivered. The template was also designed in an attempt to standardize the supplier selection 

process within the company. When it comes to standard articles Bufab aims to respond to 

their customers within 48 hours and for the rest the deadline is one to three weeks depending 

on the size of the order. Bigger orders are often considered a better business opportunity, 

where bigger contracts mean more articles and suppliers involved in the order (SCDM, 2018-

03-08).  

 

The two employees in procurement developed an Excel file together with colleagues from 

strategy. The Excel file includes information about preferred and frequently used suppliers 

and is continuously updated (Team Leader in Procurement, 2018-03-27). According to the 

Group Sourcing Manager (2018-03-27) they also have a tool called RFQ Advisor to their 

disposal, which is a search engine for finding suppliers. The user gets to answer a series of 

questions and the tool recommends one or several suppliers based on the answers (ibid.). 

There are also other tools available such as Sub Office, which is where documents about 

customers and activities are stored, and a Price Calculation Tool (PCT) in Excel, which is 
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used for documenting the customers request and then calculate the total landed cost for the 

order.  

 

When the details of the order is known, procurement sends out requests to different suppliers. 

Bufab has about 3 000 suppliers across all of their subsidiaries. Request for quotation (RFQ) 

is usually sent to five different suppliers but the number also varies with the type of order. 

These suppliers are usually chosen from Bufab’s own supplier base, which only contain 

approved suppliers. Sometimes Bufab are forced to go outside of the supplier base because a 

new customer might demand that Bufab continue to purchase from one of their old suppliers 

or because a certain order requires it. In addition to this, it can be required if Bufab are 

pressed for price and none of their approved suppliers can meet that price. In those cases the 

purchasers either ask colleagues for advice or search on the internet (Director of Digital 

Bufab, 2018-03-27). Since the selection of suppliers is heavily subjective the preferred 

suppliers can be quite different within the Bufab Group. Every salesman will eventually build 

up its own supplier base based on historical transactions, gut feeling and opinions of others. 

So the supplier base is not built up based on statistics or KPIs. However, the trend in Bufab 

Sweden is that the sales personnel no longer will be responsible for purchasing. This task will 

instead be handled by a team of purchasers (Director of Digital Bufab, 2018-03-27).  

 

A large order justifies more work and therefore more suppliers are contacted (Team Leader in 

Procurement, 2018-03-27). A large order cannot be handled by local offices so Bufab has a 

special support team that are run by the Global Account Managers. However, the process does 

not differ very much from a large order and a small order (Manager Group Sourcing, 2018-

03-27). In Bufab it is also very much up to the sales personnel to decide on the supplier since 

they know the customers and its requirements the best. The response from the suppliers are 

therefore sent to the sales personnel, which then evaluates and chooses a supplier. However, 

the purchasers will only forward offers from suppliers that are approved by them and the rest 

are usually sorted out and removed. Sometimes, depending on the industry, offers are 

forwarded even though they deviate from the RFQ. It is not uncommon that the purchasers do 

not know about the customer when they receive the order specification from sales. Which 

supplier that eventually get chosen is highly dependent on the customer specifications but also 

on historical transactions. If a bolt is supposed to be placed in an engine it is very different 
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from if the bolt instead is used to increase the looks of a chair. (Director of Digital Bufab, 

2018-03-27; Team Leader in Procurement, 2018-03-27). According to the Manager Group 

Sourcing (2018-03-27) it is very difficult to change supplier for an article that has been 

bought from the same supplier for a long time. Some customers require certain documents 

from their suppliers but ultimately it usually comes down to price and/or volume. If Bufab 

have two different suppliers, one offering a price of 10 per item and the other 15 per item, the 

customer tends to choose the supplier that offers 10 even if that supplier historically has 

performed badly. When it comes to price, Bufab have a price list in their system with certain 

suppliers. The prices are set over one to three months depending on the product and all the 

subsidiaries should use this and purchase from the suppliers in the system (Director of Digital 

Bufab. 2018-03-27; Manager Group Sourcing, 2018-03-27). 

 

Purchasing are supposed to recommend the best supplier based on the information provided 

by the customer and the sales personnel (Team Leader in Procurement, 2018-03-27). Figure 

10 shows a model of this process according to the information from the interviews.  

 

 
Figure 10: The supplier selection process in Bufab (own illustration) 

 
The difference in the supplier selection process is not too great for an order for one article 

compared with an order for 1 000 articles. However, an order for 1 000 articles is going to 

demand a greater number of hours for the employees. The manual labour is overall very 

extensive, even for easier transactions. It can be problematic to handle extensive orders since 

they require even more manual labour than the easy ones. Therefore, the difficult orders are 

sometimes treated the same way as the easy orders and every now and then mistakes happen 

because of this. Consequently, it would be favourable if, in the future, more time can be spent 

on the difficult orders (Manager Group Sourcing, 2018-03-27). Today, about 40 % of the 
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sales personnels’ time is spent on handling suppliers and the hit-rate is somewhere around 7-

10 % so a great amount of time is wasted time. A lot of time is spent on finding and locating 

suppliers, contacting them and then waiting for a response. 

 

In the future Bufab will strive to run their business, including the supplier selection process, 

more strategically with the hope of steering their customers towards preferred suppliers by 

showing them the total cost perspective. This is supposed to be achieved with the help from 

their SMM-system and a Q-portal, which is currently in development. 

 
 4.2 Supplier selection variables currently used in Bufab 

Bufab take several variables into consideration when selecting a supplier and some are more 

considered than others. What kind of criterias and how many they are is highly dependent on 

the type of order and from which company the order comes from. According to the Manager 

Group Sourcing (2018-03-27) price per item and volume are the two most common decision 

criterias. When selecting a supplier, about 80 % is about the product price but volume is also 

considered frequently. There are however companies that demand much more of their 

suppliers. It is becoming more common with material requirements and with increased 

regulatory criterias (Director of Digital Bufab, 2018-03-27; Manager Group Sourcing, 2018-

03-27; Team Leader Procurement, 2018-03-27). Sustainability is also a variable that is 

becoming more important and Bufab is currently working on how to improve in that area 

themselves (Manager Group Sourcing, 2018-03-27).  

 

Another criteria that is very relevant and often considered is lead-time. The lead-time does not 

necessarily need to be short but depending on the requirement from the customer it can 

determine from where in the world the supplier can be located (Group Sourcing Manager, 

2018-03-27). Both Bufab and their customers are aware that there are other important criterias 

to consider, such as service level and responsiveness. During the authors’ interview with the 

Director of Digital Bufab (2018-03-27) the list of variables/criterias, table 9, was presented 

and the verdict was that all of the criterias on the list are relevant. However, most of the 

additional criterias are only relevant as long as the price is right. A criteria such as transaction 

capability is expected to be important in the future when Bufab eventually introduce their 

supplier portal, the Q-portal, where the accepted orders are to be stored. When Bufab starts to 
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do business with a new customer and agrees to purchase their C-parts then the parties discuss 

eventual requirements that the customer could have on potential suppliers. Such common 

criterias are delivery time, storage, material requirements and ISO-certification. An additional 

criteria can also be that Bufab is not allowed to only purchase from one supplier but must use 

dual-sourcing. Therefore, a criteria is then to find two suppliers that meet all the same 

requirements (Group Sourcing Manager, 2018-03-27).  

 

Most of the variables from the list are used according to the survey, which can be seen in 

table 9, where those that are used have a tick next to them. The respondents mostly agreed on 

which variables Bufab uses for supplier selection but they do not agree on all of them. 

Variables such as technological capability and financial position/situation are examples of 

variables which the employees do not fully agree on. Some employees use them for supplier 

selection while others do not. There are seven other variables (making it a total of nine), 

which the employees did not fully agree on, and they all have an asterisk (*) next to them in 

table 9. These variables were marked as used by either one or two of the respondents. After 

sale/warranty, innovation, and terrorism and crime rate are the only variables that are never 

used by Bufab during the supplier selection process. 
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Table 9: Currently used variables in Bufab supplier selection (own illustration) 

 
A key to using many variables is of course that the data must be accessible. Data on price and 

cost as well as service is something that Bufab have access to today through historical 

transactions. There is also supplier profile information stored that could potentially become 

useful with ML. Since a great deal of the supplier selection process in Bufab is built on 

Variable group Variable Is Bufab 
using this?

Cost Product Price ✔
Cost Total logistics management cost ✔
Cost Tariff and taxes ✔
Quality Product Quality/Reliability ✔
Quality Percentage of defective items ✔
Quality After sale/Warranty ✗
Service	performance Delivery Compliance/Performance ✔
Service	performance Reaction to demand change in time ✔*
Service	performance Stable delivery of goods ✔
Service	performance Lead-time ✔
Service	performance Flexibility and responsiveness ✔
Service	performance Customer response/communication ✔
Supplier	profile Commitment to quality ✔
Supplier	profile Production Capability ✔
Supplier	profile Technological Capability ✔*
Supplier	profile Financial Position/Situation ✔*
Supplier	profile E-transaction Capability ✔*
Supplier	profile Innovation ✗
Supplier	profile Service/Relationship ✔
Supplier	profile Conformance to specification ✔
Supplier	profile Quality assessment technique ✔
Supplier	profile Information sharing ✔*
Supplier	profile Facility and infrastructure ✔*
Supplier	profile Market reputation ✔*
Supplier	profile Geographical location ✔
Risk Political stability and foreign policies ✔*
Risk Exchange rates and economic position ✔*
Risk Environmental factors ✔
Risk Terrorism and crime rate ✗
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experience and gut feeling, much useful knowledge is intangible. It is recognized that in order 

for ML to use this information it has to be collected first and therein lies one of the challenges 

(Director of Digital Bufab, 2018-03-27). 

 

4.3 Ranking of identified variables by Bufab professionals 

During the interviews at Bufab, held 2018-03-27, the respondents were asked to fill out a 

survey regarding the variables collected and listed in the theory chapter. The list include 29 

different variables from the literature review and the respondents were asked to list which 

ones they use and which ones they do not use and also rank them according to importance 

based on a likert scale from 1-5. Below in table 10 is a summary of the surveys with a ranking 

calculated on average and if at least one of the respondents answered that Bufab use a variable 

it is marked as used. In those cases where the respondents have not ranked a variable the 

authors have marked it as a 1 on the scale (meaning it is not very important). The survey was 

conducted after the interviews so that any uncertainties about the survey or its content could 

be sorted out beforehand. 

 

According to Manager Group Sourcing (2018-03-27) around 80 % is about the price when 

selecting a supplier. Two of the three respondents ranked product price highest on the likert 

scale and the third respondent ranked it second highest. This makes product price one of the 

most important variables to consider when selecting a supplier according to the survey. 

However, three other variables are considered to be equally important. Delivery 

compliance/performance, commitment to quality, and conformance to specification all 

received the same score as product price on the likert scale. Variables such as product 

quality/reliability, lead-time, and product capability are all important aspects but are 

considered to be slightly less important. According to the survey Bufab do in some capacity 

consider as many as 26 out of the 29 variables on the list. The variables that they do not 

consider are after sale/warranty, innovation, and terrorism and crime rate. These variables are 

considered to be the least important when it comes to supplier selection. The survey also 

shows that Bufab are already using, in some capacity, the variables that they think are the 

most significant. The complete ranking can be found in table 10.  
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Table 10: Ranking of variables by Bufab professionals (own illustration) 

 

4.4 Supplier selection with Machine Learning 

According to a manager data science, (2018-03-27) Artificial Intelligence (AI), which 

includes ML, can be applied in any process to understand the current situation and identify 

how things could improve. The collective opinion from the interviewees is that ML will be 

able to change the supplier selection process in the future. 

 

Variable
Manager 

Group 
Sourcing

Team 
Leader 

Procurement

Supply Chain 
Development 

Manager
Total Is Bufab 

using this?

Ranking 
according 
to Bufab 
Survey

Product Price 5 4 5 14 ✔ 1
Delivery Compliance/Performance 5 5 4 14 ✔ 1
Commitment to quality 5 5 4 14 ✔ 1
Conformance to specification 5 4 5 14 ✔ 1
Product Quality/Reliability 5 5 3 13 ✔ 2
Lead-time 5 4 4 13 ✔ 2
Production Capability 5 3 5 13 ✔ 2
Stable delivery of goods 4 5 3 12 ✔ 3
Service/Relationship 4 5 3 12 ✔ 3
Total logistics management cost 3 4 4 11 ✔ 4
Geographical location 4 3 4 11 ✔ 4
Tariff and taxes 3 3 4 10 ✔ 5
Percentage of defective items 4 3 3 10 ✔ 5
Flexibility and responsiveness 4 4 2 10 ✔ 5
Financial Position/Situation 3 3 4 10 ✔* 5
Quality assessment technique 4 3 3 10 ✔ 5
Customer response/communication 3 4 2 9 ✔ 6
Environmental factors 4 3 2 9 ✔ 6
Information sharing 3 4 1 8 ✔* 7
Exchange rates and economic position 4 1 3 8 ✔* 7
Technological Capability 4 2 1 7 ✔* 8
Market reputation 1 4 1 6 ✔* 9
Political stability and foreign policies 4 1 1 6 ✔* 9
Reaction to demand change in time 3 1 1 5 ✔* 10
E-transaction Capability 1 1 3 5 ✔* 10
Facility and infrastructure 1 3 1 5 ✔* 10
After sale/Warranty 1 1 1 3 ✗ 11
Innovation 1 1 1 3 ✗ 11
Terrorism and crime rate 1 1 1 3 ✗ 11
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A goal for Bufab is to have a world class supplier base and in order to find the right number 

of suppliers ML is believed to be the key. The system that Bufab wants to have in the future 

should be able to come up with the most suited supplier as well as additional candidates. That 

kind of process could not be handled by humans alone since there would be too many 

variables to consider (Director of Digital Bufab, 2018-03-27). The end result, meaning the 

supplier(s) that eventually are chosen, is not going to be much different despite ML. 

However, the process of getting to the end result will be different and probably easier with 

ML. With the implementation of ML it is expected that part of the supplier selection process, 

for example eliminating unqualified suppliers, is going to be much more efficient. ML is 

expected to eliminate a great amount of pointless RFQs. By sending RFQs only to suppliers 

that have what it takes to meet the order requirements Bufab’s hit-rate would increase. 

Consequently, Bufab’s relationships with suppliers can be expected to increase as well since 

the suppliers would only receive RFQs that they can handle. ML will take care of many of the 

easy orders and transactions so that the employees can spend more time on the difficult orders 

(Group Sourcing Manager, 2018-03-27). 

 

In order for ML to work properly in supplier selection Bufab, or whichever company it 

concerns, needs to collect a great amount of data. One cannot enough stress the importance of 

data in this context. According to a manager data science (2018-04-27) ML is not too 

different from more traditional systems. If the information is bad then decisions that are based 

on that information is most likely going to be bad as well. The principle is the same with ML 

and the data that is uses. This means that the data should be carefully controlled so that its 

trustworthy (ibid.). For some, it is easy to see the benefits that ML could bring and for others 

it is equally easy to identify the challenges. The most common challenge is the one regarding 

the employees. Already today, technology plays a very important role in the supplier selection 

process and ML would only further that trend. There are concerns that the increased 

technology can have negative effects on the employees capabilities as they become more 

reliant on tools to do the work. Additionally, with an increased portion of the work being 

performed by computers the employees have less tasks to handle. This could be viewed as 

positive but it could also be looked at with concern. With fewer tasks the employees could 

become bored with their work due to repetitiveness. If ML can take over a substantial part of 

a process it is then likely that one or several positions within the company would become 
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unnecessary and that is of course negative from the employees point of view Group Sourcing 

Manager, 2018-03-27). This is confirmed by a manager data science (2018-04-27) that have 

experience with ML implementation in different capacities and how employees start to worry 

when they hear about a new project like this. The same manager mentions that ML can mean 

a cultural change within a company and it is therefore important that that company is clear on 

why they are doing this so that the purpose can be passed around to the employees (ibid.).  

 

On the positive side, if ML can handle much of the easy and repetitive work, then the 

employees can use their abilities to tackle more difficult work that requires human interaction 

of imagination (Director Digital Bufab, 2018-03-27). ML can have such a significant impact 

that it could also affect parties outside of the company that implements ML. Bufab is a large 

company and they do business with companies that are bigger and smaller than them. The 

larger companies might not see any problem with Bufab implementing ML but maybe the 

smaller business would (Group Sourcing Manager, 2018-03-27). With Bufab’s access to 

customer and industry data the Director of Digital Bufab (2018-03-27) believes that if they 

can use it properly they will know a lot more than their customers, which makes Bufab even 

more desirable as a supply chain partner. Part of the vision with ML for Bufab is that they 

want to act proactively and in doing so solve problems for their customers before they occur. 

According to a manager data science (2018-03-27) ML can help companies be proactive in 

their decision-making. By solving their customers problems Bufab hope to move focus away 

from price alone. The transactions would not only be seen in euros or dollars but also the 

added value that the customers get in return (Director Digital Bufab, 2018-03-27). ML can 

also consider additional variables, for example weather, when making a decision and thereby 

making the company more accurate and competitive (manager data science, 2018-03-27). 

 

For ML to work a data scientist has to write the algorithms. This data scientist need to work in 

close contact with the company in order to learn what the company wants out of the system. 

The data scientist will then be able to build algorithms that can predict outcomes. The 

algorithms need certain variables in order to function. 
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4.5 Summary of benefits and challenges with Machine Learning 
Here is a summary of the benefits and challenges with Machine Learning. In this empirical 

chapter they are perceived benefits and challenges from the respondents of the interviews. 

Table 11 lists the potential benefits and table 12 lists the challenges perceived. 

 
 
Benefits Reference(s) 

ML could potentially handle easy and 
repetitive work 

Director Digital Bufab, 2018-03-27 

Employees could focus more of their time 
doing difficult work and work that requires 
human interaction 

Director Digital Bufab, 2018-03-27 

Potentially use a greater amount of data to 
learn more about suppliers and customers 

Director Digital Bufab, 2018-03-27 

Ability to be proactive in decision-making Data Science Manager, 2018-03-27 

Increased competitiveness Data Science Manager, 2018-03-27 
Table 11: Benefits with ML in supplier selection (own illustration) 

 

Challenges Reference(s) 

A great amount of data is needed Data Science Manager, 2018-04-27 

Employees could start to worry for their jobs Data Science Manager, 2018-04-27; 
Manager Group Sourcing, 2018-04-27 

If one company use ML it could potentially 
impact other companies in the supply chain 

Manager Group Sourcing, 2018-03-27 

Employees could become too reliant on ML 
to handle some of their work 

Manager Group Sourcing, 2018-03-27 

Table 12: Challenges with ML in supplier selection (own illustration)
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4.6 Summary of the empirical chapter 

  

Summary of the empirical chapter 

4.1 Current supplier selection in 
Bufab 

The process in Bufab is explained through the use 
of interviews, a model is created to visualise the 
process. 

4.2 Supplier selection variables 
currently used in Bufab 

A summary of the survey from appendix A. is 
visualised to show that Bufab are in some manner 
using 26 of the 29 listed variables. 

4.3 Ranking of identified variables 
by Bufab professionals 

During the survey professionals where asked to 
rank the variables based on a likert scale 1-5. This 
result is summarized in a table in this chapter. 

4.4 Supplier selection with 
Machine Learning 

The perspectives of sales managers from ML 
companies is explained on how supplier selection 
can be improved with ML and how professionals 
from Bufab think that ML can improve their 
process. 

4.5 Summary of benefits and 
challenges with Machine Learning 

Two tables visualising and summarizing the 
benefits and challenges perceived with Machine 
Learning. 

Table 13: Summary of the empirical chapter (own illustration) 
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5. Analysis 
This chapter aims to analyze one research question at a time, starting in section 5.1 which 

covers the identified variables, how Bufab Sweden AB are using them in supplier selection 

and what variables that could be used for ML. The next section covers the second research 

question (5.2) where the rankings of the variables, from theory and empirical data, are 

presented and analyzed. The last section (5.3) covers the identified challenges and benefits 

with ML, both in general and for supplier selection. 

 

5.1 What variables could be used for developing a Machine Learning algorithm 

for supplier selection in Bufab? 
According to Hurwitz and Kirsch (2018) the ML cycle include eight different steps. The ML 

cycle could be described as an implementation guide and the first step is about the 

identification of appropriate data. Identifying the right data variables is part of this study’s 

main objectives.  

 

According to the literature review, which is based on six different articles about supplier 

selection variables, there are 29 variables considered to be the most important. The list 

includes variables such as product price, commitment to quality and lead-time. According to 

Director Digital Bufab (2018-03-27) around 80 % is about the product price when selecting a 

supplier and if the price is not right then the other variables do seldom matter. It is quite clear 

that product price is a variable that has to be considered when selecting a supplier. Delivery 

compliance/performance is the only other variable that are considered to be as important as 

product price by both literature and empirical sources. Therefore, it should also be considered 

as one of the most important variables when selecting a supplier. Since Machine Learning 

(ML) has the capability to handle such a great number of different variables and because the 

Director Digital Bufab (2018-03-27) think all of the variables on the list are relevant, one 

could argue that they should all be used in the algorithm. One exception could be the after 

sale/warranty variable because according to Manager Group Sourcing (2018-03-27) C-parts 

are not common on the after sale markets and warranty is not very relevant either. Another 

exception could be the innovation variable, which could mean something different depending 
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on the company in question so it might be troublesome to define the variable clearly enough 

so that a ML algorithm can use it. The last exception is the variable terrorism and crime rate, 

which is not used by Bufab and considered to be one of the least important variables. 

Consequently, one might not be so inclined to use all of the variables on the list after all. In 

order for ML to consider the variables there must be a lot of data and since Bufab do not use 

these three variables, nor consider them important, it is unlikely that data on those variables 

exists.  

 

One variable that is not on the list but mentioned by one of the interviewees is volume 

(Manager Group Sourcing, 2018-03-27). Volume is considered to be important and can 

sometimes decide whether a supplier is useable or not. It is interesting that none of the six 

articles reviewed in this study included volume as one of the variables for supplier selection 

when it clearly plays an important role in Bufab’s decision-making. Even if volume is 

overlooked by the articles used in this study it could be included in other articles and should 

be included here. For example, a small supplier could have the same kind of products as a 

large supplier but if the volumes required are huge then that might exclude the small supplier 

from the deal. Volume is therefore an important variable that should be on the list. It could be 

argued that volume is the same thing as production capability, which is one of the variables 

on the list. 

 

According to the survey, Bufab already uses 26 out of the 29 variables on the list. The survey 

does not provide information about how frequently the different variables are used but if 

around 80 % is about product price when selecting a supplier then one could argue that there 

is not much room left for the other 25 variables to be considered. Based on this it is likely that 

not all of the 25 variables are used every time there is a new order because that might be too 

much work. However, with ML there would be no such limitation since the right algorithm 

could easily handle 25 variables. Even though Bufab are already using most of the variables 

on the list, other companies might not. Other companies might only be using a third, or half, 

or two thirds of the variables on the list. In that case, some of the more unusual variables, 

such as customer response/communication and facility and infrastructure, could be variables 

they did not know about. Another possible scenario is that, as Bufab, the other companies in 

the industry also know about all the variables on the list, but might not have the ability to 
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consider them all since most decision-makers can only consider about seven to nine variables 

when making a decision (Chang et al., 2008).  

 

Supplier selection decisions are based on both quantitative and qualitative variables (Lima 

Junior et al., 2014); Paul, 2015). Qualitative data is descriptive but can lack reliability while 

quantitative data is known to be reliable but sometimes lack description. Therefore is it 

recommended to use both types of data in order increase the quality of the data (Surbhi, 

2016). The list of variables in this study include both quantitative and qualitative variables. 

Variables such as product price and total logistics management cost are quantitative variables 

that are easy to identify and calculate (Manager Group Sourcing, 2018-03-27) while variables 

such as supplier profile and risk management are more qualitative variables that are based on 

employees own experiences and conclusions (Director Digital Bufab, 2018-03-27). The 

qualitative data is important and quite extensive in Bufab’s case so it is imperative that the 

algorithm can handle that data. This should not be a problem for ML since it is designed to 

handle both quantitative and qualitative data (Hurwitz & Kirsch, 2018). However, what could 

prove to be troublesome is collecting and structuring the qualitative data so that it can be 

interpreted by the algorithm. The purchasers at Bufab Sweden AB are currently collecting 

some data through an Excel file that is shared within the company (Team Leader 

Procurement, 2018-03-27). In order to use ML successfully the purchasers, as well as other 

employees involved, would have to write down and collect data more extensively in the future 

and perhaps share one system across the company. ML is not going to be able to make good 

suggestions on suppliers if some important data only exists in the employees heads or on 

paper somewhere.  

 

Some of the information that exists on suppliers would be categorized as unstructured data 

because the format is unknown and has no labels. The format can be both text and/or images. 

This type of data is not usually used by companies but there are huge opportunities with it 

(Hurwitz and Kirsch, 2018; Beal, n.d.). Bufab also use structured data, product price for 

example, which is easy to store and analyze. Unstructured data can be slightly more complex 

to use than structured data and it is therefore a requirement to use unsupervised learning 

(Hurwitz and Kirsch, 2018). Unsupervised learning can consider aspects and solve problems 

beyond what humans can do (Castle, 2017). With supervised learning the data is known and 
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labeled and therefore well understood by the users (Hurwitz and Kirsch, 2018). With this in 

mind one could argue that Bufab need to use both supervised and unsupervised learning since 

they have labeled as well as unlabeled data. There is also something called deep learning, 

which is recommended when the objective is to find patterns in unstructured data to handle 

more abstract problems and the technique is supposed to imitate the human brain (Hurwitz 

and Kirsch, 2018). This could also be an option for Bufab since it could become relevant to 

find patterns in unstructured data. One might also argue that supplier selection can be an 

abstract process and in order to use ML successfully Bufab should consider deep learning as 

well.  

 

The variables that Bufab Sweden AB intends to use will have a great impact on whether the 

data is structured or unstructured and that will ultimately decide what type of learning that is 

required. In order to get something out of the data, one or several algorithms has to be 

developed. There are a number of different algorithms to choose from: the Bayesian, 

Clustering, Decision Tree, Dimensionality reduction, Instance based, Neural networks and 

Deep learning, Linear regression, Regularization to avoid overfitting and Rule-based ML. To 

understand and be able to analyze which algorithm(s) is(are) the best it would require a data 

scientist or someone with similar knowledge and the authors are neither of those. However, it 

is important to mention that step since the algorithms will be built on variables such as those 

identified in this study.  

 

5.2 How can these identified variables be ranked to benefit supplier selection in 

Bufab? 

Ranking of the identified variables have been done in two different ways, in the theoretical 

chapter the variables have been ranked based on their frequency of appearance in the 

literature from table 14. Product price and delivery compliance/performance proved to be the 

most important variables because they appear in all of the six articles reviewed. Bufab’s 

ranking have four different variables sharing the top spot. Conformance to specification and 

supplier commitment to quality joins product price and delivery compliance/performance as 

the most important.  
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For the literature review the authors classified the variables based on Deng et al. (2008) in 

order to cluster similar variables together. The first variables on both lists, product price and 

delivery compliance/performance, are classified as a  cost variable and a service performance 

variable respectively. In Bufab Sweden AB they also considered conformance to specification 

and commitment to quality highly important and sits alongside product price and delivery 

compliance/performance as the most important. Overall, the theoretical and empirical 

rankings are quite similar. This is not surprising considering that the Director Digital Bufab 

(2018-03-27) stated that their supplier selection process is not very different from their 

competitors processes or theoretical processes. The small differences in the rankings could 

indicate that Bufab already have a good idea of which variables that are important and which 

are not. 

 

There are a total of 8 quantitative and 21 qualitative variables on the list. When the authors of 

this study did the theoretical ranking, as can be seen in table 14, the quantitative variables 

ended up quite evenly spread. A couple of the quantitative variables ended up at the top, three 

of them somewhere in the middle and the remaining three closer to the end of the list. That 

list indicates that it is common with both quantitative and qualitative variables and since there 

are more qualitative variables on the list one could argue that they are more common. 

However, looking at the empirical ranking, in table 14, it shows that reality might be slightly 

different. There, all of the quantitative variables are ranked in the top half of the list as oppose 

to evenly spread in the theoretical ranking. This indicates that the quantitative variables are 

more important to Bufab Sweden AB than theory would suggest. Quantitative variables are 

considered to be more reliable than qualitative variables so that might be the reason why 

Bufab ranks them higher than theory. Qualitative variables are, on the other hand, more 

descriptive but maybe that is not as important in practice as it is in theory. 

 

It is worth remembering that some transactions that Bufab do are for standard articles. Bufab 

knows about the articles as do their customers and suppliers. In those situations it might not 

be so relevant to review the suppliers’ flexibility/responsiveness or financial positions. This 

could be one reason why some of these qualitative variables are considered to be less 

important by Bufab. 
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Variable group Quant/qual Variable
Ranking 
based on 

frequency

Cost Quantitative Product Price 1
Service	performance Quantitative Delivery Compliance/Performance 1
Quality Qualitative Product Quality/Reliability 2
Supplier	profile Qualitative Financial Position/Situation 2
Supplier	profile Qualitative Technological Capability 2
Supplier	profile Qualitative Conformance to specification 3
Supplier	profile Qualitative Service/Relationship 3
Service	performance Qualitative Flexibility and responsiveness 3
Supplier	profile Qualitative Market reputation 3
Supplier	profile Qualitative Commitment to quality 4
Service	performance Quantitative Lead-time 4
Supplier	profile Quantitative Production Capability 4
Cost Quantitative Total logistics management cost 4
Supplier	profile Qualitative Geographical location 4
Service	performance Qualitative Customer response/communication 4
Risk Qualitative Environmental factors 4
Supplier	profile Qualitative Information sharing 4
Service	performance Qualitative Reaction to demand change in time 4
Supplier	profile Qualitative Facility and infrastructure 4
Supplier	profile Qualitative Innovation 4
Service	performance Quantitative Stable delivery of goods 5
Cost Quantitative Tariff and taxes 5
Quality Quantitative Percentage of defective items 5
Supplier	profile Qualitative Quality assessment technique 5
Risk Qualitative Exchange rates and economic position 5
Risk Qualitative Political stability and foreign policies 5
Supplier	profile Qualitative E-transaction Capability 5
Quality Qualitative After sale/Warranty 5
Risk Qualitative Terrorism and crime rate 5

Variable group Quant/qual Variable

Ranking 
according 
to Bufab 
Survey

Cost Quantitative Product Price 1
Service	performance Quantitative Delivery Compliance/Performance 1
Supplier	profile Qualitative Commitment to quality 1
Supplier	profile Qualitative Conformance to specification 1
Quality Qualitative Product Quality/Reliability 2
Service	performance Quantitative Lead-time 2
Supplier	profile Quantitative Production Capability 2
Service	performance Quantitative Stable delivery of goods 3
Supplier	profile Qualitative Service/Relationship 3
Cost Quantitative Total logistics management cost 4
Supplier	profile Qualitative Geographical location 4
Cost Quantitative Tariff and taxes 5
Quality Quantitative Percentage of defective items 5
Service	performance Qualitative Flexibility and responsiveness 5
Supplier	profile Qualitative Financial Position/Situation 5
Supplier	profile Qualitative Quality assessment technique 5
Service	performance Qualitative Customer response/communication 6
Risk Qualitative Environmental factors 6
Supplier	profile Qualitative Information sharing 7
Risk Qualitative Exchange rates and economic position 7
Supplier	profile Qualitative Technological Capability 8
Supplier	profile Qualitative Market reputation 9
Risk Qualitative Political stability and foreign policies 9
Service	performance Qualitative Reaction to demand change in time 10
Supplier	profile Qualitative E-transaction Capability 10
Supplier	profile Qualitative Facility and infrastructure 10
Quality Qualitative After sale/Warranty 11
Supplier	profile Qualitative Innovation 11
Risk Qualitative Terrorism and crime rate 11

Table 14: Supplier selection variables with 
empirical ranking (own illustration) 

Table 15: Supplier selection variables with 
theoretical ranking (own illustration) 
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5.3 How could Machine Learning be beneficial for Bufab’s current supplier 

selection process and what are the challenges? 

The second and third steps in the ML cycle is about preparing the data through cleaning and 

storage and selecting the algorithm(s) (Hurwitz & Kirsch, 2018). This study mostly preside in 

the first step, identifying the data variables, but one could argue that the second and third 

steps are somewhat connecting with the first. One could argue this because the variables 

could have a great impact on the data preparation and choice of algorithm. This is why some 

of the benefits and challenges discussed in this chapter also concerns step two and three.  

 

This study has used literature from van Weele (2014) to explain and define the supplier 

selection process. That process is quite straightforward and easy to map out. Reality is 

sometimes slightly more complex and sometimes even more straightforward. Bufab’s supplier 

selection process does not differ greatly from van Weele’s but there seem to be a few more 

aspects and parties involved. van Weele’s (2014) process is made up of four different steps, 

figure 11, whereas Bufab’s is made up of twice as many, which can be seen in figure 12. 

Currently both sales and procurement are involved in the purchasing in Bufab and the process 

goes back and forth between these two parties. However, sometimes the order is simple and 

that usually makes the process simple as well. On those occasions the purchaser knows right 

away what the approximate cost is going to be and from which supplier to purchase. There are 

changes happening in Bufab Sweden AB regarding this process. They have introduced a team 

that are supposed to take charge of the RFQs from the sales personnel (Director Digital 

Bufab, 2018-03-27). This could mean that the sales personnel is going to be less involved 

with contacting and choosing suppliers and therefore have more time for selling. This would 

perhaps make Bufab’s supplier selection process look more similar to van Weele’s (2014).  

 

 
Figure 11: Supplier selection process (own illustration based on van Weele, 2014) 
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Figure 12: Supplier selection process in Bufab (own illustration) 

 

The collective assumption from the employees interviewed at Bufab is that Machine Learning 

(ML) is going to change the supplier selection process (Director of Digital Bufab, 2018-03-

27; Group Sourcing Manager, 2018-03-27; Team Leader Procurement, 2018-03-27). The 

interviewees from outside of Bufab support this assumption as well (Manager Data Science, 

2018-04-27; Sales Manager for ML, 2018-04-26). 

 

Bufab want to offer their customers a world-class supplier base and from that supplier base 

recommend the most suited supplier for a certain order as well as other possible candidates. In 

order for this to work a great number of variables must be considered and humans alone 

cannot handle that many variables (Director of Digital Bufab, 2018-03-27). According to a 

study by Chang et al. (2008) human decision-makers are able to consider about seven to nine 

variables when making a decision while ML models can consider many more. The Director of 

Digital Bufab said that they plan to use the list of variables, provided by the authors of this 

study, when they create one of their new systems. The list includes as many as 29 variables, 

which would be too many for humans to handle without assistance from computers. With 

more variables comes more data and in order to successfully use ML there is a need for a vast 

amount of data. Zhang et al. (2016) used ML in supplier selection by having the machine 

filter through the available suppliers from the supplier pool and then neglect the ones that 

would be unable to meet the order requirements. The suppliers that remain after the filtering 

are then ranked in order to determine the best supplier (ibid.). This is a function that Bufab 

would like to have for their supplier selection process so that they could avoid contacting 

unsuitable suppliers (Manager Group Sourcing, 2018-03-27). The ML model from the study 

by Zhang et al. (2016) got better at selecting suppliers with time since it could learn from 
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historical experiences and the more data was available the easier that became. This is positive 

from Bufab’s perspective since they do have a lot of data. However, one cannot simply have 

more data, it needs to be cleaned and structured as well as reliable (Manager Data Science, 

2018-04-27). Having a lot of data could, on the one hand, be a great benefit for Bufab. 

According to the Director Digital Bufab (2018-03-27) the future will be about which 

companies that have the best data and can use it. On the other hand, having a lot of data can 

be a challenge because it requires handling. In order for Bufab to successfully use their data in 

ML they might have to hire one or several employees to clean up and verify the data. 

However, this could depend on how Bufab intends to use ML. If they intend to outsource 

much of the activities related to creating and maintaining a ML system then that provider 

might clean and verify the data themselves. Regardless of this, it is important to define what 

the goal is for using ML and be able to describe the business in very good detail so that a data 

scientist can create the appropriate algorithms (manager data science, 2018-04-27). One of the 

first steps when creating an algorithm is to decide what variables to use. Therefore, a detailed 

business description, for the purpose of supplier selection with ML, should include the 

appropriate variables.  

 

Collecting the right quality and quantity of data could be a great challenge and according to a 

of Manager Data Science at a ML company (2018-04-27) it is one of the greatest. Collecting 

the right data could could become one of the main challenges for Bufab since so much of their 

supplier selection process are based on what their employees think and feel. This has proved 

to be a successful way of doing business for Bufab but in order to use ML these thoughts and 

feelings must be collected and provided to the machine. They should not be excluded since 

they contain so much valuable insight and information about the suppliers. Another challenge 

could come with an increased portion of technology. According to Manager Group Sourcing 

(2018-03-27) employees could become too reliant on technology to handle some of their work 

and that is already a problem in some situations today. If a machine starts to handle a certain 

part of a process it is only natural that an employee, who used to handle that part, could start 

to forget about it. For new employees it would be even more difficult to remember the manual 

way of doing that part of the process. This could turn into a challenge if, for example, 

suppliers or customers frequently would like to have information on something that is related 

to the part handled by the machine. Another challenge was identified by one of the 
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interviewees concerning supply chain partners and is about more than just ML but 

digitalization as a whole. If Bufab Sweden AB introduces a new digital concept it could affect 

other companies within the supply chain. Bufab Sweden AB do business with companies in 

various sizes and the large companies might already be familiar with digitalization while 

some of the smaller companies might not (Manager Group Sourcing, 2018-03-27). The 

smaller companies could be used to direct contact with employees but increased digitalization 

might result less human interaction and more interaction with a digital system. One could 

argue that this development is inevitable for many companies but it could be a challenge 

nonetheless. 

 

Zhang et al. (2016) came to the conclusion that ML is more suited for companies that have a 

large supplier pool. Bufab have currently about 3 000 suppliers and according to Manager 

Group Sourcing (2018-03-27) part of their business model is to have a long “tail of 

suppliers”. At first glance, one might think that Bufab has too many suppliers and that it is a 

challenge to handle them all but with ML it could instead be a benefit. With many suppliers 

comes many possible options for an order. Bufab do sometimes send Request for Quotation 

(RFQ) to suppliers that are not qualified and with 30 000 RFQs a year some suppliers get too 

many RFQs for orders with requirements they cannot meet and this has resulted in a poor 

hite-rate. According to Manager Group Sourcing (2018-03-27) some of these suppliers has 

been forced to cut ties with Bufab because they constantly get unsuitable RFQs. If ML can 

help the purchasers eliminate unsuitable suppliers early on in the process then Bufab could 

improve their hit-rate and supplier relationship. 

 

One of the most evident challenges with ML seems to be connected to the employees and 

how they could feel and react when hearing that their employer is considering ML. A 

manager data science (2018-04-28), that have experience in ML implementation, confirms 

that employees often start to worry when they hear about a project like this. For every task 

that ML can do it would be one less for the employees so if ML is able to perform a great 

number of tasks there would be quite few left for the employees. It would therefore, according 

to the Manager Group Sourcing (2018-03-27), be of importance that the employees are left 

with some interesting tasks otherwise they might seek employment elsewhere. Employees 

might also be forced to seek employment elsewhere if there are positions within Bufab 
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Sweden AB that only include the tasks that ML will perform in the future. This is clearly a 

challenge but could also be viewed as a benefit depending on how things work out. ML might 

overtake some of the repetitive and possibly boring tasks leaving the employees to work with 

more challenging and rewarding tasks. 

 

Theory suggests that during analysis or when trying to make connections between multiple 

variables, humans do often make mistakes (Maglogiannis et al., 2007). However, according to 

a Sales Manager at a ML company (2018-04-26) ML programs can make mistakes too if the 

data is incorrect or the environment is not suitable. Whatever the approach is there is almost 

always going to be downsides or challenges but they can be overcome. Using ML, in general 

or for supplier selection, certainly comes with some challenges but also benefits. In this case 

the number of benefits are greater than the number of challenges, which could be way of 

deciding whether it is worth continuing on this path towards a more digital reality. 
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6. Conclusion 
The first section (6.1) covers the conclusions of the study’s three research questions. 
Following in 6.2 is the framework which is the purpose of the study. The chapter ends with 
reflections and critique to the study (6.3), the study’s contribution (6.4), further research (6.5) 
and ethical considerations of the study (6.6).  

 
6.1 Research questions 
Developing a ML model is a process that requires careful planning and can take some time. 

Hurwitz and Kirsch (2018) has come up with a Machine Learning cycle that includes eight 

steps. This study presides in the first step and partly in the second and third steps. The first 

step is about identifying the data, the second step is about preparing the data, and the third 

step concerns ML algorithms. 

 

6.1.1 Research questions one and two 

1. What variables could be used for developing a Machine Learning algorithm for supplier 

selection in Bufab? 

 

2. How can these identified variables be ranked to benefit supplier selection in Bufab? 

 

Part of the first step, in the ML cycle, is to identify what variables are important for supplier 

selection because the algorithm(s) is/are going to be built upon these variables. The literature 

review, table 3 in chapter 3.2, identified 29 different variables that are important for supplier 

selection in general. The empirical data confirmed the importance of 26 of the 29 variables, 

table 9 in chapter 4.2, where the variables after sale/warranty, innovation, and terrorism and 

crime rate were excluded. For example, a variable like after sale/warranty is not important for 

Bufab since they deal in C-parts but it could very well be an important variable for another 

industry. According to the empirical data Bufab considers as many as 26 out of the 29 

variables from the literature review. However, about 80 % is about one variable, product 

price, when selecting a supplier. It is unlikely that all of these 26 variables, in table 9 in 

chapter 4.2, are considered every time a new supplier is chosen because the process is mostly 

handled by human employees. Humans are in general limited to considering 7-9 variables for 

a decision. The conclusion is that Bufab are using all of these variables over the course of 
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many supplier selections and not for every time they choose a new supplier. If the right data is 

available ML could be able to take this one step further and consider these variables every 

time a supplier needs to be selected. In table 16 is the complete list of identified variables 

with additional information about their type (qualitative or quantitative) and ranking. The 

ranking in table 16 is based on the two previous rankings in this study (theoretical and 

empirical) and was calculated by adding the theoretical and empirical rankings together. The 

two most important variables are product price and delivery compliance/performance, which 

means that those variables should have the highest value in the algorithm. The second highest 

ranked variables are product quality/reliability and conformance to specification, which 

means that those variables should have the second highest value in the algorithm and so on. 

The ranking is there to ensure that the right variables get the appropriate attention so that it 

benefits supplier selection. As for the algorithm(s), there are several different options to 

choose from such as, The Bayesian, Clustering, Decision Tree, Dimensionality Reduction, 

Instance Based, Neural Networks and Deep Learning, Linear Regression, Regularization to 

avoid over fitting and Rule-based ML. In order to understand and be able to draw a 

conclusion, which one of these algorithms would be most favorable for Bufab, or a similar 

company within the same industry, it would require a data scientist or someone with similar 

expertise. However, since the choice of algorithm would be in part dependent on the 

variables, identified in this study, the authors thought it relevant to mention the different 

algorithms available. 
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Table 16: Identified and ranked supplier selection variables for Machine Learning (own 
illustration) 

 

6.1.2 Research question three 

3. How could Machine Learning be beneficial for Bufab’s current supplier selection process 

and what are the challenges? 

 

The empirical data concludes that ML will be able to change the supplier selection process. 

The hope is that if a ML algorithm is provided with the right input data it would be able to 

Variable group Variable Quant/qual Rank

Cost Product Price Quant 1
Service performance Delivery Compliance/Performance Quant 1
Quality Product Quality/Reliability Qual 2
Supplier profile Conformance to specification Qual 2
Supplier profile Commitment to quality Qual 3
Service performance Lead-time Quant 4
Supplier profile Production Capability Quant 4
Supplier profile Service/Relationship Qual 4
Supplier profile Financial Position/Situation Qual 5
Cost Total logistics management cost Quant 6
Service performance Stable delivery of goods Quant 6
Service performance Flexibility and responsiveness Qual 6
Supplier profile Geographical location Qual 6
Cost Tariff and taxes Quant 7
Quality Percentage of defective items Quant 7
Service performance Customer response/communication Qual 7
Supplier profile Technological Capability Qual 7
Supplier profile Quality assessment technique Qual 7
Risk Environmental factors Qual 7
Supplier profile Information sharing Qual 8
Supplier profile Market reputation Qual 9
Risk Exchange rates and economic position Qual 9
Service performance Reaction to demand change in time Qual 10
Supplier profile Facility and infrastructure Qual 10
Risk Political stability and foreign policies Qual 10
Supplier profile E-transaction Capability Qual 11
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provide an output in the form of the best possible supplier. A supplier selection process can 

differ greatly in complexity depending on the order and ML might not be ready to handle the 

complex ones just yet. However, if ML could help eliminate the suppliers that should not be 

considered for an specific order and thereby freeing the employees to handle more important 

tasks it would be a big step in the right direction. Theory has proven that ML can indeed help 

eliminate unsuitable suppliers from consideration. For Bufab this could mean far less RFQs 

sent to unsuitable suppliers, which would save both parties time and improve relationships as 

well as hit-rate. With the right data ML can consider a greater number of variables for 

decision compared to humans. Being able to take more relevant variables into consideration 

would take the decision-making closer to perfection. With ML Bufab could also increase their 

competitiveness by being more proactive in their decision-making. Part of the supplier 

selection process includes tasks that are repetitive and ML could handle these tasks while the 

employees could focus on more interesting activities.  

 

As with almost all digital or non-digital concepts, ML has its challenges. ML requires new 

competencies, for example a data scientist, which Bufab could either hire themselves or 

outsource. A majority of Bufabs supplier selection process is handled manually and a lot of 

knowledge is in the employees’ own heads. Therefore, a great challenge will be to gather all 

that knowledge and translate it so that a ML algorithm can use it. Additionally, the data 

should be reviewed in order to assure its trustworthiness and Bufab should be prepared to 

encounter incomplete data. One of the most evident challenges is connected to the employees 

because they could start to worry for their jobs when they hear about something like ML.  

 

Comparing the number of benefits with the number of challenges shows that the study 

identified more benefits. Further, Bufab fulfills one of the most important criteria for ML, 

which is to have a lot of data, and they also have a large supplier pool, which is one of the 

success factors for successfully using ML in supplier selection. The complete list of benefits 

and challenges can be found in table 17. 
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Benefits Challenges 

A greater number of variables can be considered The need for new competencies 

Learn from historical data and predict outcomes Translate data from text to numbers 

Find patterns between variables that humans cannot Variation of data composition 

ML can make use of data that companies have but do not 
know how to use 

Data changing frequently and at rapid speed 

The more data available, the better predictions Trustworthiness of the data 

ML is recommended for companies with a large supplier 
pool 

How to collect data and where to store it 

ML can help filter out unsuited suppliers based on order 
requirements 

Incomplete data 

ML could potentially handle easy and repetitive work ML needs a great amount of data to be successful 

Employees could focus more of their time doing difficult 
work and work that requires human interaction 

Employees could start to worry for their jobs 

Potentially use a greater amount of data to learn more about 
suppliers and customers 

If one company use ML it could potentially impact 
other companies in the supply chain 

Ability to be proactive in decision-making Employees could become too reliant on ML to 
handle some of their work 

Increased competitiveness   

Table 17: Benefits and challenges with ML (own illustration) 

 
6.2 The framework 

The purpose of this study has been to create a framework for the different variables needed to 

create a ML algorithm for supplier selection. The framework created will take inspiration 

from the first steps in the ML cycle by Hurwitz and Kirsch (2018), mainly the first step which 

is to identify the data. Once the variables/data have been identified it needs to be prepared, 
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and then the final step in this framework is to give an overview of possible algorithms to 

consider. 
 

 
Figure 13: The framework for Machine Learning in Bufab (own illustration) 
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6.2.1 A framework for Bufab 

Step one: identify relevant data. Based on the literature review and the empirical data 

collection these variables have been selected as important variables to consider for Bufab, as 

well as the ranking. 

 



 

 76 

 

Variable group Variable Quant/qual Rank

Cost Product Price Quant 1
Service performance Delivery Compliance/Performance Quant 1
Quality Product Quality/Reliability Qual 2
Supplier profile Conformance to specification Qual 2
Supplier profile Commitment to quality Qual 3
Service performance Lead-time Quant 4
Supplier profile Production Capability Quant 4
Supplier profile Service/Relationship Qual 4
Supplier profile Financial Position/Situation Qual 5
Cost Total logistics management cost Quant 6
Service performance Stable delivery of goods Quant 6
Service performance Flexibility and responsiveness Qual 6
Supplier profile Geographical location Qual 6
Cost Tariff and taxes Quant 7
Quality Percentage of defective items Quant 7
Service performance Customer response/communication Qual 7
Supplier profile Technological Capability Qual 7
Supplier profile Quality assessment technique Qual 7
Risk Environmental factors Qual 7
Supplier profile Information sharing Qual 8
Supplier profile Market reputation Qual 9
Risk Exchange rates and economic position Qual 9
Service performance Reaction to demand change in time Qual 10
Supplier profile Facility and infrastructure Qual 10
Risk Political stability and foreign policies Qual 10
Supplier profile E-transaction Capability Qual 11

Table 18: Identified variables for the first step (own illustration) 
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Step two: when the data is identified in the form of variables, the data needs to be managed 

and prepared to ensure it is correct and fits for analysis. There are a few attributes that need to 

be kept in mind, and they are listed below in table 19. They are retained from the challenges 

and benefits with Machine Learning as well as the second step in the Machine Learning cycle. 

 

Attribute Description 

Accessible Ensure that the data is accessible, up to date and that the data is complete. 

Clean Once the data is gathered, it needs to be made sure that it is holding the right 

information with the right labels, making it structured. This is a way of 

guaranteeing the trustworthiness of the data. 

Measureable Establish ways of measurements. Ability to translate data from text to 

numbers. 

Storage The need for storing large amounts of data. Having systems that can handle the 

storage, and also keep the data safe. 

Table 19: Attributes in preparing the data (own illustration) 
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Step three: the final step in this framework is the choosing of the algorithm. For this step the 

foundation is based on that different algorithms have different benefits, and work better or 

worse with different types of data. 

 

Type Description 

Bayesian Used when data scientists have knowledge of the problem 

Clustering Used when large quantities of unstructured data, to group similar types of data 

together. 

Decision tree Visualisation of data structure when decisions can be made 

Dimensionality reduction Useful when cleaning of data is necessary, reducing storage space and speeds up 

algorithms 

Instance based Uses a previous data set to train on, then taking decisions based on the rules set up 

on the training data. 

Neural network and deep 

learning 

Using unstructured data, continuously learning to make better informed decisions. 

Neural networks work similarly to the human brain. 

Linear regression Common statistical tool, used for showing correlation between different variables. 

Regularization to avoid 

overfitting 

Used in conjunction with other types of algorithms to improve outcome of analysis. 

When an algorithm is trained on a specific data set. 

Rule-based Machine 

Learning 

Setting up rules on how to interpret data, important to keep it simple to avoid 

skewered results. 

Table 20: Overview of the different kinds of algorithms (own illustration based on Hurwitz & 
Kirsch, 2018) 
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6.3 Reflections and critique to the study 

Bryman and Bell (2003) argues that a case study is running the risk of being subjective, when 

applying a case study to other companies than the studied case, there are often differences 

because most businesses are unique. The authors of this study have tried to keep subjective 

thoughts aside and see reality as described in the interviews. This study have mainly used 

semi-structured interviews as empirical data collection techniques and a critique to this 

technique is according to Bryman and Bell (2003) that they are hard to replicate. When 

holding interviews there is a risk of respondents feeling pressured to answer a certain way 

(Bryman & Bell, 2003). This might have been the case in this study regarding what variables 

are currently being used in Bufab, but this is not something, which is certain. The respondents 

in appendix A were asked to fill out the survey after the interviews were held, looking back 

the authors would have taken a different approach where the surveys preferably would be 

filled out before the interview so the results could be discussed. 

 

6.4 The study’s contribution 

There are both practical and theoretical contributions within this study. The practical 

contribution is for Bufab’s account where the list of identified variables, the ranking of said 

variables and also the general benefits and challenges with Machine Learning. The theoretical 

contribution comes in the form of the created framework, which can be applied to all 

companies conducting business with suppliers. And the framework for Bufab can be used for 

similar companies to Bufab. Another contribution this study might have is that one of the 

challenges with Machine Learning is the fear of jobs being taken over. Hopefully this study 

might reverse that fear in some manner and help highlight the benefits of Machine Learning, 

rather than the obstacles and challenges. 

 

6.5 Further research 

The next step from a practical point of view is to further develop the framework to make the 

choice of different algorithms easier. Another thing that the authors have crossed paths with 

during this study is the change management needed when implementing solutions that will 

change employees’ jobs. There is a need for further research in this area and how to handle 

these kinds of changes. With ML being a relatively new subject in business and as stated in 
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our study it has gone from laboratory curiosity to implementation in processes further 

research on the impact it has can be of importance. 

 

6.6 Ethical considerations of the study 

The involved respondents of this study have in advance been informed about the purpose and 

have willingly accepted to contribute with their insights. All of the respondents have been 

asked if they wish to stay anonymous and this have been respected by the authors where 

requested
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7.6 Appendixes 

7.6.1 Appendix A. Guided interviews 

  
This study is about the process of selecting a supplier based on a specific RFQ, and if 

Machine learning can aid with this. Further the study aims to identify potential benefits and 

challenges with Machine learning and the purpose of the study is to become a first step for 

Bufab in implementing this kind of technology. The studys research questions are as follows:  

  
1. What variables could be used for developing a Machine Learning algorithm for 

supplier selection? 

2. How can these identified variables be classified and ranked to benefit supplier 

selection for Bufab? 

3. How could Machine Learning be beneficial for Bufab’s current supplier selection and 

what are the challenges? 

  
The interviews will roughly take 45-60 minutes, and the objective of the interviews is to get a 

good insight in the process of choosing a supplier to satisfy a specific RFQ. Subjects of 
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interest are the system you are working in, how much of the selection criteria that are 

subjective compared to how much is insight driven through data when selecting supplier. 

  
Introduction 
 
-Presentation, title and daily work tasks 
  
Supplier Selection 
 
-What is the process like, when an RFQ is received until a supplier is selected? Both for 
smaller transactional orders and bigger more complex orders? (How long is the time before 
the supplier is chosen?) 
 
-What kind of data management system do you have today, and what kind of data is in it? 
 
-When a new order is created, are there specific supplier related demands that the customer 
have? What demands might these be? 
 
-When a new RFQ is received, are you looking through your existing supplier base, or are 
you often searching outside of the system? 
 
-Is it a big workload to search for and select a suiting supplier? 
 
-Any other thoughts that come to mind when discussing supplier selection? 
 
Variables/criterias for selecting supplier 
 
-You have been presented a list of variables/criterias that theory is considering important for 
the choice of supplier, are you using any of these variables? 
 
-Are you using any criterion that are not on the list? 
 
-Are there any criterion on the list that you are not currently using but would like to use? 
 
-How would you have ranked the criterion on the list? Here we are using a likert 5-point scale 
where 1 is not important and 5 is very important 
 
-What type of data do you have access to? 
 
-Any other thoughts that come to mind when discussing variables/criterias? 
 
Machine learning 
 
-Do you have any experience of with machine learning? 
 
-Do you believe machine learning can change the way you will be selecting suppliers in the 
future, and if so how? 
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-Do you think there are any benefits and or challenges with using machine learning for this 
process? 
 
Concluding 
 
-Supplier selection overall, do you feel like you have anything to add? 
 
 

Variable 
group 

Variable Are you 
using 
this? 

How important is this variable to you 
and overall? Scale 1-5, where 1 is not 
important and 5 is very important 

Cost Price/Product Price   1 – 2 – 3 – 4 - 5 

Total logistics management 
cost 

  1 – 2 – 3 – 4 - 5 

Tariff and taxes   1 – 2 – 3 – 4 - 5 

Quality Product Quality/Reliability   1 – 2 – 3 – 4 - 5 

Percentage of defective 
items 

  1 – 2 – 3 – 4 - 5 

After sale/Warranty   1 – 2 – 3 – 4 - 5 

Service 
performance 

Delivery 
Compliance/Performance 

  1 – 2 – 3 – 4 - 5 

Reaction to demand change 
in time 

  1 – 2 – 3 – 4 - 5 

Stable delivery of goods   1 – 2 – 3 – 4 - 5 

Lead-time   1 – 2 – 3 – 4 - 5 
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Flexibility and 
responsiveness 

  1 – 2 – 3 – 4 - 5 

Customer 
response/communication 

  1 – 2 – 3 – 4 - 5 

Supplier 
profile 

Commitment to quality   1 – 2 – 3 – 4 - 5 

Production Capability   1 – 2 – 3 – 4 - 5 

Technological Capability   1 – 2 – 3 – 4 - 5 

Financial Position/Situation   1 – 2 – 3 – 4 - 5 

E-transaction Capability   1 – 2 – 3 – 4 - 5 

Innovation   1 – 2 – 3 – 4 - 5 

Service/Relationship   1 – 2 – 3 – 4 - 5 

Conformance to 
specification 

  1 – 2 – 3 – 4 - 5 

Quality assessment 
technique 

  1 – 2 – 3 – 4 - 5 

Information sharing   1 – 2 – 3 – 4 - 5 

Facility and infrastructure   1 – 2 – 3 – 4 - 5 

Market reputation   1 – 2 – 3 – 4 - 5 

Geographical location   1 – 2 – 3 – 4 - 5 
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Risk Political stability and foreign 
policies 

  1 – 2 – 3 – 4 - 5 

Exchange rates and 
economic position 

  1 – 2 – 3 – 4 - 5 

Environmental factors   1 – 2 – 3 – 4 - 5 

Terrorism and crime rate   1 – 2 – 3 – 4 - 5 

 
 
7.6.2 Appendix B. Guided interviews Machine Learning 

 
-Presentation, title and daily work tasks? 
 
-How are you using Machine Learning in your company? 
 
-Do you have a large customer base? 
 
-What kind of companies are you working with? 
 
-What are you demanding of a customer, both time investment but also knowledge wise? 
 
-Do you have statistics of how accurate the AI-machine is? 
 
-What kind of response have you received from your customers? 
 
-What is the biggest sales argument to why customers should use AI (ML)? 
 
-What are the greatest advantages with ML (you solution)? 
 
-Are there any obvious challenges or drawbacks with ML? 
 
-Do you have any plans to expand operations with other AI-powered robots? 
 
-Hypothetically, do you think ML can help doing a supplier selection based on collected data? 
 

 
 
 

 


