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Abstract 

Managing supply chains is an extremely challenging task due to globalization, short product life 

cycle, and recent advancements in information technology. These changes result in the increasing 

importance of managing the relationship with suppliers. However, the supplier selection literature 

mainly focuses on selecting suppliers based on previous performance, environmental and social 

criteria and ignores supplier relationship management. Moreover, although the explosion of data 

and the capabilities of machine learning techniques in handling dynamic and fast changing 

environment show promising results in customer relationship management, especially in customer 

lifetime value, this area has been untouched in the upstream side of supply chains. This research 

is an attempt to address this gap by proposing a framework to predict supplier future value, by 

incorporating the contract history data, relationship value, and supply network properties. The 

proposed model is empirically tested for suppliers of public works and government services 

Canada. Methodology wise, this thesis demonstrates the application of machine learning 

techniques for supplier selection and developing effective strategies for managing relationships. 

Practically, the proposed framework equips supply chain managers with a proactive and forward-

looking approach for managing supplier relationship.   
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Chapter 1 Introduction 

The primary focus of academic research and industry practice in supply chain relationship 

management has been on the downstream side of it (customers). Moreover, traditional 

approaches and specific methods used for supplier selection and supplier relationship 

management are no longer scalable given the sheer volume and frequency of interactions in 

most supplier networks today. The explosion of transaction data and increasing availability of 

high-performance computing platforms have fueled the application of machine learning as one 

of the powerful trends in industry and academic research today. Most companies today work 

with a large network of global suppliers. The complexity of today's supplier network, as well 

as the criteria often used to assess and select a trusted portfolio of suppliers, have made this 

domain increasingly challenging. This thesis attempts to fill in this gap by exploring the 

application of machine learning in supplier selection and relationship management. 

Having good suppliers enables companies to improve their core competitive capability 

and provides them with direct and indirect advantages, including cost reduction, delivery 

performance improvement, and technology acquirement (Chang & Hung, 2010). Supplier 

relationship management emphasizes developing and maintaining long-term relationships with 

suppliers, and it is one of the key decisions in supply chain management (Teller, Kotzab, Grant, 

& Holweg, 2016). As a complex decision-making issue, various criteria, approaches and 

techniques have been employed in different scenarios and contexts. During the supplier life 

cycle, which starts right after supplier selection, companies apply various policies and 

strategies as part of the relationship management with their suppliers. Therefore, companies 

should continuously evaluate and understand their suppliers to maximize the long-term value 

of their relationship and formulate suitable strategies to obtain value from suppliers. To this 
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end, companies should have a mechanism in place to continually assess and maintain their 

relationships with their suppliers.  

Today’s supplier network environment is characterized by complex interactions, 

especially when the relationships are dynamic, and suppliers come in and go so fast.  This puts 

intense pressure on an organization to understand the value of their relationships and develop 

a mechanism that will allow them to measure and monitor this value easily and continuously. 

This issue becomes more critical when companies have a large number of suppliers. For 

example, Proctor and Gamble has over 75,000 suppliers; Walmart works with over 100,000 

suppliers; and French oil giant, Total, procure from 150,000 suppliers (Webb, 2018). 

Therefore, traditional methods for supplier selection will face challenges when it comes to 

scalability and agility in high-frequency relationship environments. With the explosion of data 

in recent years, the use of machine learning techniques has grown dramatically. Various 

methods such as data envelopment analysis, decision tree, artificial neural network, and support 

vector machines are being employed in a predictive setting (Tavana, Fallahpour, Di Caprio, & 

Santos-Arteaga, 2016). In addition, machine learning has some capabilities such as tolerating 

imprecision, uncertainty, and partial truth to achieve robustness on simulating human decision-

making behaviour (Pal & Ghosh, 2004). These capabilities not only address the issue of 

scalability and speed, but also mitigate the drawbacks of previous techniques and meet the 

requirements of today’s complex supplier networks. 

Machine learning has been used in various application areas of supply chain such as 

resilience supplier selection and evaluation, sustainable supplier selection, and supplier 

development. Readers are referred to Chai and Ngai (2019) for more information about 

applications of machine learning in supply chain. However, the application of machine learning 

in supplier relationship management received limited attention in relationship management 
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such as integrating customer and supplier relationship (Choy, Lee, & Lo, 2003) and finding 

potential business partners (Mori, Kajikawa, Kashima, & Sakata, 2012). 

 The characteristics of today’s supplier networks and the dynamic nature of the 

activities involved require a new framework and methodology to address the issues of scale, 

scope, time, and continuity for real-time engagement and evaluation. The goal of this research 

is to demonstrate the application of unsupervised and supervised machine learning methods for 

supplier selection and relationship management, drawing on lifetime value concept and supply 

network properties to address the needs of large and dynamic supplier network environments. 

The remainder of this thesis is organized as follows. In Chapter 2, a review of the 

relevant literature on supplier selection and relationship management is provided. In Chapter 

3, a background and framework for supplier value is presented. In Chapter 4, the data and 

methodology used in this research, including unsupervised and supervised learning techniques, 

are presented. In Chapter 5, the results and their theoretical and practical implications are 

discussed. Finally, in Chapter 6, the conclusions, limitations and future research directions of 

this research is provided.  
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Chapter 2 Literature Review 

2.1 Supply Relationship Management 

Supplier relationship management covers all the activities related to strategic planning and 

managing all interactions between a firm and its suppliers. This process consists of the 

identification of appropriate suppliers, evaluation, selection, and development of suppliers. In 

this integrated cyclic process, the performance of the supplier should be monitored 

continuously. It starts with the identification of a potential supplier; followed by a systematic 

process of evaluating and selecting potential suppliers. Suppliers who cannot satisfy the 

requirements and targets need to be developed or replaced (Glock, Grosse, & Ries, 2017). 

Supplier selection is a process of selecting reliable suppliers from a pre-qualified 

candidate list based on predefined objective and criteria (Wetzstein, Hartmann, Benton Jr, & 

Hohenstein, 2016). Various techniques including optimization, multi-criteria decision making, 

and recently, machine learning techniques, have been employed guided by various goals such 

as green supplier selection, supplier development, and sustainable supplier selection in the 

process. For a more comprehensive review, readers are referred to the studies outlined in table 

A1 in the appendix. The prior studies clearly show that there is a lack of uniformity in the 

criteria for supplier selection and evaluation as well as the overarching goal that is used in the 

process (see for example Tables A2 and A3 in the Appendix for the various criteria used in the 

literature). 

After a supplier is selected, buyer-supplier relationship starts. The purpose of supplier 

lifetime stage, which starts after supplier selection, is to increase the value creation through 

establishing and maintaining the relationship with suppliers. This value can result from 

technology, market access, information, lower prices and operating costs, knowledge, or 
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satisfying specific needs of the buyer (Powers & Reagan, 2007). The main purpose here is to 

understand how a supplier differentiates itself through improved customer interactions 

(Vandenbosch & Dawar, 2002) and create and deliver value in a business-to-business 

relationship beyond solely selling products (Ulaga & Eggert, 2006b). On the other hand, a 

buyer should treat its suppliers based on their value (Moeller, Fassnacht, & Klose, 2006) in a 

differentiated way to avoid a ‘one-size-fits-all- strategy’ (Dyer, Cho, & Cgu, 1998) and reduce 

the risk of dependency (Day, Magnan, & Moeller, 2010). 

Although supply chain management is involved in delivering value both in the upstream 

and downstream relationships (Christopher, 2016), the downstream relationship is the side that 

has received most of the attention and the focus. The total value that a customer can have during 

its relationship with a company, called customer lifetime value, have been used in customer 

relationship management for various purposes such as clustering customers, finding churning 

customers, allocation of marketing budget, defining marketing strategy, and evaluating 

customer base. On the other hand, relationship value and intimacy at the upstream supply chain 

has relatively been neglected.  

2.1.1 Value in Buyer-Supplier Relationship 

As in the case of customer relationship management, the aim of supplier relationship 

management is to maximize the value of the relationship between buyer and supplier in the 

long-term. A supplier can deliver value to a buying company in three important areas; cost 

saving, quicker response to customer requirements, and faster cycle time to market (Choy et 

al., 2003). 

One of the assumptions of customer relationship management is that the customer`s 

value to the company differs depending on its position in a customer relationship life cycle 
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(Moeller et al., 2006). Similarly, suppliers can be at different stages of maturity during their 

relationship with a company. Gadde and Snehota (2000) attempted to capture this process 

through awareness, exploration, expansion, commitment, and dissolution phases; and Moeller 

et al. (2006) proposed growth, saturation, and degeneration phases. Regardless of the number 

of phases and their descriptions, these phases in the relationship models are characterized by 

their direction and strength of growth (Wagner, 2010). In the literature, the degree of supplier-

buyer relationship has been measured by relationship strength (Autry & Golicic, 2010) as well 

as the relationship value (Eggert & Ulaga, 2002; Eggert, Ulaga, & Schultz, 2006; Ulaga, 2003; 

Ulaga & Chacour, 2001; Ulaga & Eggert, 2005, 2006a, 2006b).  

Wilson (1995) assumed value creation as a process in which the partners develop the 

trust and communication for creating mutually beneficial outcomes from their exchanges. The 

emphasis on process is consistent with the inherently dynamic nature of business relationships 

(Hogan, 2001). Two groups of factors can result in changes in the value of the supplier-buyer 

relationship. The first group of factors are related to the buying company’s external conditions 

such as changes in the desires of a customer, changes in the strategies and/or policies of a 

customer's competitors, changes in suppliers' offerings and performance levels, and changes in 

a customer's macro-environment. The second group of factors are related to internal conditions 

of the buying company such as changes taking place within the firm and the customer's 

perceived capabilities in terms of performance, knowledge, and control levels (Flint, Woodruff, 

& Gardial, 2002). 

2.1.2 Customer Lifetime Value 

In order to have a more comprehensive understanding of a supplier lifetime value concept, it 

is important first to draw on the well-established customer lifetime value models in the 

marketing literature and then attempt to extend the nature and characteristics of relationships 
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in the upstream side of a supply chain. Customer Lifetime Value (CLV) has been a popular 

measurement framework for customer acquisition, retention, and segmentation (Borle, Singh, 

& Jain, 2008). CLV has become even more popular because of advances in information 

technology, including social media, and the inadequacy of traditional financial metrics to 

capture the return on marketing investment (Gupta et al., 2006). CLV is typically described as 

the present value of expected future profits from a customer (Benoit & Van den Poel, 2009). 

In other words, CLV is the revenues gained from a customer minus the cost of acquisition, 

selling, and servicing that customer while considering the time value of money with a discount 

or interest rate (Berger & Nasr, 1998). 

CLV Models can be generally categorized as: 1) CLV calculation models (e.g., 

(Colombo & Jiang, 1999; Gupta, Lehmann, & Stuart, 2004; Reinartz & Kumar, 2003; Rust, 

Lemon, & Zeithaml, 2004; Schmittlein, Morrison, & Colombo, 1987; Schmittlein & Peterson, 

1994); 2) budget or resource allocation models (e.g., (Berger & Bechwati, 2001; Reinartz, 

Thomas, & Kumar, 2005; Venkatesan & Kumar, 2004; Villanueva, Yoo, & Hanssens, 2008); 

3) customer network models (e.g., (Domingos & Richardson, 2001; Kumar et al., 2010; Rust 

et al., 2004)); and 4) customer base analysis models (e.g., (Borle et al., 2008; Fader, Hardie, & 

Lee, 2005; Lewis, 2006)). Depending on the specific aims of these models, the nature and type 

of criteria have been extended beyond the basic indicators. 

In an early attempt to estimate CLV, Schmittlein et al. (1987) developed a model to 

predict the purchase behaviour of customers. This model was further improved by 

incorporating probability distributions for customer spending (Colombo & Jiang, 1999; 

Reinartz & Kumar, 2003; Schmittlein & Peterson, 1994). Berger and Nasr (1998) considered 

contribution margins (revenue minus product and delivery costs), promotion and acquisition 

costs, and retention rate in their model. Reinartz and Kumar (2003) extended the RFM 
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framework by proposing a model to estimate the profitability of customers by incorporating 

exchange factors and demographic characteristics. Gupta et al. (2004) proposed a customer 

lifetime value as a proxy of the market value of a customer company. Rust et al. (2004) 

combined the frequency of purchases, the average quantity of purchases, brand-switching 

patterns, and the firm's contribution margin to estimate the lifetime value of each customer. 

Berger and Bechwati (2001) used customer lifetime value to optimize the allocation of 

promotion budget between acquisition and retention spending. Venkatesan and Kumar (2004) 

combined contribution margin with purchase frequency to evaluate the effect of marketing 

channels on customer lifetime value. Reinartz and Kumar (2003) also proposed a framework 

for balancing resources between acquisition and retention efforts for maximizing the 

profitability of the customer. Villanueva et al. (2008) used customer lifetime value to see the 

effect of different acquisition strategies (fast-acting marketing and word-of-mouth) on short- 

and long-term profitability. Lewis (2006) explored the influence of a firm's acquisition effort 

on the composition of a customer base. The results show that the acquisition discount is 

negatively related to repeat-buying rates and customer asset value. Borle et al. (2008) 

developed a model that predicts the customer’s risk of defection and spending pattern at each 

purchase occasion by considering inter-purchase time, purchase amount, and the probability of 

leaving. Domingos and Richardson (2001) applied social network and the network value of the 

customer. Kumar et al. (2010) considered the influence of customer behaviour on other 

customers’ acquisition and retention rate. They used customer behaviour, attitudes, and 

network metrics to help companies devise more effective marketing strategies and higher long-

term contribution from customers. 

In general, the range of criteria explored in these models can be divided into factors 

associated with interactions, the purchase behaviour of a customer, demographic 
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characteristics, network properties, as well as cost and profit (Figure 2-1). Table A4 in the 

Appendix summarizes the studies dealing with CLV models and the criteria explored in these 

models. 

   

Figure 2-1: Customer Lifetime Value dimensions 

2.1.3 Supplier Value 

Within the exchange view of marketing, value has been investigated from two complementary 

perspectives, ‘value-to-the-customer’ that focuses on the net value that a customer gains in a 

market exchange; and ‘value-of-the-customer’ that considers the seller’s perspective of net-

value realized through market exchange with a customer (Ulaga & Eggert, 2006b). A long-

term relationship between buyer and supplier are formed so that each partner can achieve the 

value that otherwise would be impossible for them (Wilson, 1995). Value can be created 
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through relationships with suppliers, alliance partnering, and relationships with customers 

(Sharma & Sheth, 1997).  Since all parties in business expect to achieve value in the exchange, 

the underpinning and necessary goal of any business activity and a relationship between 

customer and supplier is based on the value (Anderson, 1995; Anderson, Håkansson, & 

Johanson, 1994). Buyers and sellers both gain benefits from a relationship differently. 

Therefore, the assessments of value for the buyer and seller need to be examined in a different 

context (Neale & Northcraft, 1986). 

Transaction cost theory, which defines value as the difference or ratio between 

costs/sacrifices and benefits/rewards, is particularly relevant to relationship value research 

(Biggemann & Buttle, 2012). This view for value is compatible with most of the customer 

lifetime value models estimating lifetime value as customer’s contribution or profit (revenue 

minus cost) to the firm. Zeithaml (1988) assumed value as the trade-off between benefits 

(“what you get”) and sacrifices (“what you give”) in market exchange. The value in monetary 

terms is the worth of the financial, economic, service, and social benefits that the customer 

gains for the price it pays for a market offering (Anderson & Narus, 1998). Delivering superior 

value to buyers is the key to create and sustain a long-term relationship between supplier and 

customer (Ulaga & Chacour, 2001). The natural trade-offs between the value resulted from the 

buyer and seller relationship are a driving factor and should be determined by measures of 

relational value (Hogan, 2001). Higher relationship value happens either by increasing the 

benefits or by decreasing the sacrifices (Ravald & Grönroos, 1996). Changing with time, 

relationship value has an impact on the expansion and termination of the supplier-buyer 

relationship and should be considered in business relationship models (Ulaga & Eggert, 2006a). 

Wilson and Jantrania (1994) suggested three dimensions of relationship value; 

economic, behavioural, and strategic aspects. Besides the financial dimension, Ford and 
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McDowell (1999) considered knowledge transfer, reputational gains, and network access. 

Lapierre (2000) grouped relationship benefits into product-related, service-related, and 

relationship-related; and they grouped sacrifices into product and service related (i.e., price) 

and relationship-related. Ulaga (2003) identified product quality, service support, delivery 

performance, supplier know-how, time-to-market and personal interaction as relationship 

benefits; and direct product costs and process costs as relationship sacrifices. Ulaga and Eggert 

(2005) suggested that relationship value is a multidimensional construct incorporating 

relationship benefits (product benefits, service benefits, know-how benefits, time-to-market 

benefits, social benefits) and relationship sacrifices (price and process costs). Several studies 

(Corsaro & Snehota, 2010; Ulaga & Eggert, 2006b) also considered two dimensions for 

relationship value: relationship benefits (core benefits, resourcing benefits, and operation), and 

relationship costs (direct, acquisition, and operation). In industrial services, relationship value 

is impacted by benefits such as performance, efficiency, and reliability, as well as comparative 

costs and switching costs (Barry & Terry, 2008). Figure 2-2 depicts the key dimensions of 

relationship value. 
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Figure 2-2: Relationship Value Dimensions 

The cost side of supplier relationship value can be represented by similar types of costs 

in customer lifetime value models. Personal or social interaction can be seen in both customer 

lifetime and supplier lifetime contexts. Product quality, service support, delivery, supplier 

know-how, and time-to-market are dimensions that are more aligned with supplier contexts.  

The existing models for supplier value need significant improvements. The criteria and 

context of customer lifetime value models can be very helpful to enhance the relationship value 

construct between a supplier and a buyer company. On the other hand, exchange behaviour 

which shows the exchange between supplier and buyer can be inherited from the customer 

lifetime value concept. Yet, another dimension that is critical in today’s complex supplier 

environment is the supply network properties in the supply chain. In order to capture this, we 
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draw on social network theory and incorporate network properties in the development of the 

supplier lifetime value model.  

2.2 Supply Network Properties 

The buying company’s decisions and their outcomes in a supply chain are impacted not only 

by the isolated connections with suppliers, but also by the structure of the entire network and 

the relationships among all actors and the buying companies. These connections are more 

important for understanding a supplier’s value because companies who are aware of their 

supply chain structure are more likely to perform better in their operations and finances (Choi 

& Kim, 2008). 

The position of a supplier and its connections in a supplier network provide additional 

value given that a product or service in current complex market places is usually a combination 

of several other products and services. For example, in the retailing industry, customers prefer 

to buy from a specific store because a supplier offers a strategic product or service required for 

various other products. An illustrative example of the latter one is airliner for travel agency 

websites that sell the combination of hotels, flights, or rental cars. Although two airliners can 

have the same performance, the connections that each has with other members of the ecosystem 

have a decisive impact. In this complex ecosystem, relying solely on the performance indicators 

might not be enough to capture the real value of relationships. 

Social network analysis is an approach based on graph theory and it is often used for 

understanding the characteristics of complex relationships in a network. Some studies (Borgatti 

& Li, 2009; Kim, Choi, Yan, & Dooley, 2011) provided guidelines for using social network 

analysis in a supply chain context. In the social network approach, suppliers can be considered 

as nodes in a network with ties showing the connections between them. Kim et al. (2011) used 
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social networks to represent materials flowing in the supply network. Wagner and Neshat 

(2010) used graph theory to measure the vulnerability of a supply chain and the risk of supply 

disruption. Kim, Chen, and Linderman (2015) also used graph theory to compare four supply 

network structures and examine supply network disruption and resilience. 

Ego network is a part of a whole network which consists of a) focal actor, known as 

ego, b) the set of actors with any tie to ego (known as alters), and c) all ties among the alters 

and between the alters and the ego (Borgatti & Li, 2009). Two groups of characteristics, 

network and node, can be considered in social network analysis. Network metrics show the 

characteristics of a network such as density; and node metrics show the characteristics of a 

node in that network such as centrality. Node metrics can be used to explain some properties 

of suppliers in the supply network.  

To expand the conceptualization of relationship value in a supplier context in this 

research, social network metrics in terms of position and connections in a supply network is 

incorporated. Table 2-1 outlines the most commonly used centrality measures and their 

meanings. 

Table 2-1 : Node Metrics in Social Networks Theory  

Network Measures Definition 

Degree of 

connectivity 

The number of connection a node has with the other nodes/ or 

the number of a node’s connections/ total number of 

connections 

Prestige/Eigenvector 

centrality 

Relative score that shows the connections with high frequent 

nodes 

Betweenness 
The number of being connector or bridge along the shortest 

path (geodesic) between two other nodes 
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2.3 Machine Learning in Supply Chain Management 

Supplier selection has been investigated in the context of environmental issues, supplier chain 

sustainability, and supplier development. In terms of methods, Analytic Hierarchy Process 

(AHP), Analytic Network Process (ANP), and fuzzy-based approaches have been the dominant 

techniques (e.g., see review articles of (Chai, Liu, & Ngai, 2013; Fahimnia, Sarkis, & 

Davarzani, 2015; Zimmer, Fröhling, & Schultmann, 2016)). However, in one of the recent 

literature review of decision making techniques in supplier selection, Chai and Ngai (2019) 

argued that recent literature illustrates the trend of using machine learning techniques in 

supplier selection.  In this section, we provide a review of studies that utilized machine learning 

techniques in supplier relationship management. 

Machine learning techniques have the capability to tolerate imprecision and uncertainty 

(Pal & Ghosh, 2004), as well as handle qualitative attributes and large data sets for model 

development and efficient computations (Guo, Yuan, & Tian, 2009; Wu, 2009). With the 

increasing availability of data in supply chain operations, the use of machine learning 

techniques for supply chain decisions is becoming a common practice. Various methods such 

as  neural network (e.g., (Tavana et al., 2016); Bayesian network  (e.g., (Hosseini & Barker, 

2016)); support vector machine (e.g., (Guo, Zhu, & Shi, 2014)), decision tree (e.g., (Guo et al., 

2009; Kamalahmadi & Parast, 2017; Nepal & Yadav, 2015)) and their combinations and 

modifications have been used to support supplier selection decisions.  

The most commonly used criteria in supplier selection are price, quality, delivery, and 

service (Karsak & Dursun, 2016). Most of the studies using machine learning techniques used 

these and a few other additional criteria to select a supplier based on performance. The main 

contributions in these studies is the use of machine learning techniques with other decision-

making techniques to improve the drawbacks of conventional approaches for supplier 
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selection. Guo et al. (2009) introduced support vector machine to handle variable selection and 

multiclass classification in supplier selection. Lin, Chuang, Liou, and Wu (2009) used  shipment 

records dataset and an extended association rule algorithm and set theory to cluster suppliers. 

Kuo, Hong, and Huang (2010) employed particle swarm optimization to improve fuzzy neural 

networks that can manage both quantitative and qualitative criteria. Bottani and Rizzi (2008) 

developed an approach to cluster suppliers by considering products and suppliers to reduce 

lead time. Their approach is particularly suitable when a large number of vendors and items 

must be considered. 

Kuo, Lee, and Hu (2010) used performance criteria along with the long-term 

relationship, technical, managerial and quick response capabilities to evaluate suppliers.  

Zeydan, Çolpan, and Çobanoğlu (2011) proposed a model using both qualitative and 

quantitative criteria by applying fuzzy set theory. Golmohammadi (2011) considered quality, 

delivery, technology, price, and used a fuzzy linguistic method to determine the value of criteria 

and then used artificial neural network to predict the performance of new suppliers. 

In addition to traditional criteria, other criteria related to specific supplier selection goal 

such as green supply selection and social responsibilities have been employed. Green supply 

selection is the integration of environmental thinking into supply chain management 

(Srivastava, 2007). In addition to performance criteria, Wu (2009) considered intangible 

criteria related to the economy and environment and developed learning models based on data 

envelope analysis, decision tree and neural network. Kuo, Wang, and Tien (2010) used an 

artificial neural network to predict the traditional and green criteria from their sub-variables 

and calculated the green efficiency score. Azadi, Jafarian, Saen, and Mirhedayatian (2015) 

developed an integrated data envelope analysis model in fuzzy context to evaluate the 

efficiency and effectiveness of suppliers in sustainable supply chain management. Sustainable 
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criteria can be categorized into economic, social and environmental factors (Akman, 2015; 

Fallahpour, Olugu, Musa, Wong, & Noori, 2017). However, the criteria used in these studies 

are mostly subjective and did not address business relationship between buyer and suppliers. 

One of the phases that captures the relationship between buyer and suppliers after 

supplier selection is supplier development which considers the potential of a supplier for long 

term relationship. Supplier development involves a set of long or short-term measures as well 

as direct or indirect measures a company uses to improve the performance of its supplier and/or 

their capabilities (Glock et al., 2017; Krause, Scannell, & Calantone, 2000). To find potential 

suppliers for the development program, both current performance as well as potential 

capabilities of suppliers are considered. Narasimhan, Talluri, and Mendez (2001) proposed 

quality management systems, documentation and self-audit, process/manufacturing, 

management, design and development, and cost reduction capabilities, for supplier 

development selection. These factors were later used by Talluri and Narasimhan (2004) based 

on data envelope analysis and Omurca (2013) based on rough set theory to select suppliers for 

a long-term strategic partnership. Osiro, Lima-Junior, and Carpinetti (2014) considered the 

importance of the supplier’s products for supplier development selection. Bai and Sarkis (2011) 

presented a multi-method approach based on grey system and rough set theory to help firms in 

evaluating the effectiveness of supplier development programs. Bai and Sarkis (2010) 

addressed incomplete information environment for selecting supplier development programs 

related to green supply chain. 

In a new approach to consider the relationship between buyer and supplier, Rezaei and 

Ortt (2012) argue that in addition to capabilities, willingness of supplier for being in 

relationship and cooperation should be considered for accessing potential long-term 

relationship. They suggested a segmentation method with supplier’s capabilities and 
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willingness dimension. Then, Rezaei, Wang, and Tavasszy (2015) linked supplier development 

strategies to these segments to increase the attractiveness of buyer to suppliers. In general, the 

main aim of supplier development is to increase the future performance and capabilities of a 

supplier (B. Forker & Mendez, 2001; Govindan, Kannan, & Noorul Haq, 2010). Although these 

studies address both previous performance and capabilities for future relationships, most of the 

criteria are measured subjectively and the data collection process is expensive in terms of 

obtaining managers’ opinions, making these techniques unsuitable for dynamic and fast 

changing environments. In addition, supplier development activities need considerable buyer’s 

time, financial and technical resources that should be assigned carefully and efficiently. 

Therefore, future value of a supplier during its relationship has been neglected when accessing 

a supplier for supplier development programs. 

Recently, historical data has been used in supplier relationship management research. 

In one of the first attempts, Mori et al. (2012) incorporated company profile and transaction 

data for finding potential partners. In an attempt to use exchange data, Hong, Yeo, Cho, and 

Ahn (2018) used e-invoice data and random forest to classify suppliers into core and non-core 

suppliers. They applied total cost of purchase, transaction frequency and cycle, duration of 

relationship and percentage of critical items in transaction and similarity between supplier and 

buyer purchase. However, they used subjective opinions of experts to define the classes of 

suppliers. Considering the widely used recency-frequency-monetary value (RFM) parameters 

in customer future value prediction studies, and number of projects shared with suppliers, 

Noorizadeh, Rashidi, and Peltokorpi (2018) categorized suppliers for development investment. 

They used these parameters and data envelope analysis to segment suppliers based on their 

performance. Harale, Thomassey, and Zeng (2019) incorporated customer historical order data 
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to predict the best suppliers. However, these studies are still based on previous performance 

and ignored future value of relationship and network properties of supply networks. 

The review of studies using machine learning techniques shows that most of these 

studies did not specifically focus on supplier lifetime value, but paid more attention on the past 

performance of suppliers. In green and sustainable supplier selection, the focus is on goals 

related to the environment and social responsibilities. However, these studies did not directly 

capture the value constructs in economic terms in relation to these corporate missions. 

Furthermore, most of these studies paid little attention to the complexities in current supply 

chain network environments. As a result, network properties such as position and connections 

are not integrated in their modeling framework. In this study, we revisit the concept of 

relationship value in a supplier context and incorporate network properties to extend the scope 

and constructs of machine learning techniques and enhance their contributions for supplier 

selection and relationship management. To this end, we explore both unsupervised and 

supervised machine learning techniques for supplier selection and relationship strategies. 
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Chapter 3 Data and Methodology 

This chapter demonstrates the detailed design and development of the analysis methods and 

process applied in this thesis. Data from Contract history of Public Works and Government 

Services Canada (PWGSC) is used to demonstrate the methodology and data analyses in this 

study.   

The general framework for the methodology and data analysis of this research is based 

on Cross-Industry Standard Process for Data Mining (CRISP-DM) which is an open standard 

process model. Although there are newer methodologies such as ASUM-DM introduced by 

IBM in 2015, CRISP-DM is still one of the most common analytics roadmap. Figure 3-1 

depicts the six related and flexible steps of this methodology that allow the researcher to 

navigate for model development and assessment. These six steps are:  

1) Business Understanding, 2) Data Understanding, 3) Data Preparation, 4) Modeling. 

5) Evaluation, 6) Deployment 

 

Figure 3-1 : Cross-Industry Standard Process for Data Mining (CRISP-DM) 
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Based on CRISP-DM framework, Figure 3-2 shows the detailed process that is followed 

in this research as the methodology for developing machine learning-based models for supplier 

selection and relationship management.   

 

Figure 3-2 : Data Analysis Process 

3.1 Conceptual Framework 

The review of the literature in customer lifetime value and supplier network analysis shows 

that the supplier selection problem requires a more enhanced understanding of relationship 

value and the incorporation of many factors beyond past performance indicators. In this 

research, we build upon the existing constructs of customer lifetime models and social network 

theory to develop machine-learning based models for supplier selection and relationship 

management.  

Supplier selection has been heavily scrutinized using various techniques and problems. 

However, these models have several drawbacks. First, these models heavily rely on criteria 

based on past performance of suppliers and do not consider the future value of suppliers. 

Second, these models consider the isolated relationship between buyer and supplier and have 
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disregarded the position and connections of a vendor in the supply network. Third, behavioural 

criteria such as RFM (Recency, frequency, and monetary value), which are very common in 

customer lifetime value models, are not considered in these models. Finally, the most 

commonly used mathematical methods for supplier selection problems are not capable of 

handling the complexity of today’s dynamic supply chain networks. The proposed evaluation 

framework and criteria are outlined in Table 3-1 and Table 3-2.  

Table 3-1 : Extended Relationship Value 

Dimension Criteria Sub- Criteria Author(s) 

Benefits 

Product Quality 
Product Performance, Product 

Reliability, Product Consistency 

(Barry & 

Terry, 2008; 

Corsaro & 

Snehota, 

2010; Cui & 

Coenen, 

2016; 

Ulaga, 

2003; Ulaga 

& Eggert, 

2005, 

2006b) 

Service Support 
Product- related Service, Customer 

Information, Outsourcing of Activities 

Delivery 
On-time Delivery, Delivery Flexibility, 

Accuracy of Delivery 

Personal/ Social 

Interaction 

Communication, Problem Solving, 

Mutual Goals 

Supplier Know- 

how 

Knowledge of Supply Market, 

Improvement of Existing Products 

Time to market 
Design Task, Prototype Development, 

Product Testing and Validation 

Sacrifices/ 

Cost 

Direct Product 

Cost 

Price Above, Below, at Competition, 

Annual Price Decrease, Cost Reduction 

Program 

Switching Costs  

Process Cost 

Inventory Management, Order- 

Handling, Incoming Inspections, 

Manufacturing 

Behaviour  Recency, Frequency 

(Hong et al., 

2018; 

Noorizadeh 

et al., 2018) 
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Table 3-2 : Network Properties Measures and Their Definition in Supplier Selection 

Network 

Measures: 
Definition Definition in Supplier Chain 

Degree of 

connectivity 

The number of connections a node 

has with the other nodes/ or the 

number of a node`s connections/ 

total number of connections 

The number of suppliers that a 

specific supplier is ordered  

Prestige/Eigenvector 

centrality 

Relative score that shows the 

connections with high frequent 

nodes 

The number of high frequent 

suppliers that a specific 

supplier is ordered with 

Betweenness 

The number of being connector or 

bridge along the shortest path 

(geodesic) between two other 

nodes 

The number of times a supplier 

appears in the orders with other 

two suppliers 

 

Figure 3-3 also indicates the proposed conceptual framework for evaluating supplier 

lifetime value: 

 

Figure 3-3 : Conceptual Framework 

We believe that this proposed framework provides a scalable approach for estimating 

supplier lifetime value which gives the buying company a measure to evaluate its suppliers 

based on total value during their relationship with the company. In addition to relationship 

value dimensions, the proposed framework captures criteria that reflect exchange behaviour 
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between supplier and buyer, as well as network properties of a supplier in a supply network. In 

today’s complex business environment, a scalable approach that addresses the drawbacks of 

traditional methods is needed in order to evaluate the value of suppliers and develop effective 

relationship strategies continuously. 

3.2 Business Understanding 

To demonstrate the application of the proposed model, this study uses the contract history of 

PWGSC. The government of Canada is one of the largest public buyers in Canada and 

approximately buys $22 billion worth of goods and services on behalf of different departments 

and agencies. As the government's main buyer of goods and services (including construction), 

PWGSC assists federal departments and agencies to determine their needs and procuring them 

at the best value1 (2019-07-24).  

The procurement process starts by a request from a federal department or agency (end 

user in dataset) to PWGSC, then a contracting officer in headquarters or a regional office 

manages the request (Figure 3-4). In pre-contractual phase, requirement definition and 

procurement planning are determined. Then, in contracting phase, all activities from bid 

solicitation to contract award are planned and conducted. In next phase, administration tasks, 

including progress monitoring, delivery follow-up and payment action are done. In the final 

phase, post- contractual actions such as final contract amendment, return of performance bonds, 

proof of delivery and client satisfaction are considered.  

Procurement process can be a competitive or non-competitive process which is 

applicable only in certain special conditions.  

 
1 https://buyandsell.gc.ca/for-businesses/selling-to-the-government-of-canada/the-procurement-process 

https://buyandsell.gc.ca/for-businesses/selling-to-the-government-of-canada/the-procurement-process
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Figure 3-4 : Procurement Process in Canada Government 

The competitive process forms the majority of contracts and is the most common 

process applied by government to gain the best value by improving competition and fairness. 

PWGSC uses contracts, standing offers and supply arrangement as methods of supply. 

Standing offers and supply arrangements are two types of non-binding agreements between the 

federal government and potential suppliers of specified goods or services which is beyond the 

scope of this research 2 (2019-07-24).  

Contracts can have either non-competitive or competitive procurement process. Non- 

competitive approach (or solo resource) might be used for different reasons such as National 

Security Consideration, Exclusive Rights, Prices and/or Sources Fixed by Government 

Regulations, Low Dollar Value, Extreme Urgency, among others. Because this research is 

focused on developing a framework to support supplier selection decisions and developing 

dynamic relationship strategies under fair and competitive environments, these contracts are 

not included in the data analyses. 

 
2 https://buyandsell.gc.ca/for-businesses/selling-to-the-government-of-canada/the-procurement-process 

https://buyandsell.gc.ca/for-businesses/selling-to-the-government-of-canada/the-procurement-process
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3.3 Data Understanding and Data Preparation 

This section has two parts: Data Understanding and Data Preparation. In the data understanding 

part, general description of the available attributes in the data will be discussed. In the data 

preparation part, the specific attributes used in this study, their data pre-processing steps, 

measurement levels and roles in the data analyses sections are discussed.   

The data used in this research was obtained from Contract History dataset3, a publicly 

available dataset4 that contains information about contracts awarded by PWGSC on behalf of 

federal departments and agencies since January 20095 (2019-07-22). This data is published by 

PWGSC whose mandate is to provide services to all Canadian federal departments.  

 

Table 3-3 shows the data fields and descriptions retrieved from Canada government 

procurement website6.  

There were 111 different end users in the contract history dataset. PWGSC has the first 

rank in the number of contracts and the number of suppliers, making it a good case for this 

research. Therefore, PWGSC has the role of a buyer for this study. 

 

 

 

 
3 Retrieved on 2019-06-19 

4 https://open.canada.ca/en/open-government-licence-canada 

5 https://buyandsell.gc.ca/procurement-data/contract-history 

6 https://buyandsell.gc.ca/procurement-data/contract-history/download-contract-history-data 

https://open.canada.ca/en/open-government-licence-canada
https://buyandsell.gc.ca/procurement-data/contract-history
https://buyandsell.gc.ca/procurement-data/contract-history/download-contract-history-data
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Table 3-3 : Data Fields and Definitions in PWGSC Contract History Dataset 

Data Fields Definition 

Contract-Number A unique identifier assigned to a contract 

Award-Date Date on which a contract came into effect 

Expiry-Date Date on which a contract legally expired 

Total-Contract-

Value 

The cumulative total value of a contract, from contract award 

date to present (original plus all amendments) and includes 

values that are pre-January 2009 (i.e. includes contract 

information that preceded the first public release of Contract 

History). 

GSIN-Description 
The description of the good or service that corresponds to the 

Goods and Services Identification Number (GSIN). 

Supplier-

Standardized-

Name 

A supplier name used to simplify search results by grouping 

together closely related suppliers that conduct business using 

different operating or legal names. The resulting search records 

will contain the suppliers’ legal and operating names 

Supplier-Address-

Prov-State 
The province or state of supplier 

End-User-Entity 
The end user identifies the entity (e.g. department or agency) on 

whose behalf the contract has been put in place. 

Contracting-Entity-

Office-Name 

The name of the Government of Canada entity that is the 

contracting entity (the government organization that is procuring 

goods/services through a given contract) 

Contracting-

Address-Prov-State 
The province or state of contracting office 

 

After exploring the data, there were some issues that were handled in the data pre-

processing steps. Records in this dataset show the amendments of contracts. The first 

amendment shows the issuance of contracts and the remaining amendments show changes in 

contracts such as contract value or status of a contract such as changing the supplier or 

cancellation of the contract. Total contract value shows the cumulative changes in amendment. 

Therefore, only records corresponding to the first amendment that contains all the necessary 

details were kept. 

Contract History records may reflect the issuance of procurement instruments (methods 

of supply), such as standing offers or supply arrangements. A total contract value of zero shows 
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that a procurement instrument was issued for the contract, but it has not been actually used7. 

Therefore, these records were eliminated. For some contracts, total contract value was negative 

which might be an error or representing an unusual event. As a result, these contracts were not 

considered in the final dataset. 

After eliminating records with data quality issues in the original data set, 34,586 

contract records related to cancellation were explored thoroughly. 16186 of these contracts 

were related to hotels contracts, which was significantly higher than the other products or 

services. For example, the three products with the highest number of contracts are “translation 

service”, “construction of other building”, “engineer service- building”, which have 1085, 761, 

and 755 contracts, respectively. To avoid the potential bias resulting from the high number of 

contracts for one product, contracts related to hotels were removed from the research. 

Although the dataset has a starting year of 2009, the majority of contracts in 2009 was 

from previous years. Table 3-4 indicates the number of new contracts, total contract and the 

ratio of them for two periods; year 2009 alone and the period from 2010 to 2018. This ratio is 

significantly lower for year 2009. Another issue that required our attention was that there might 

be no contracts for some suppliers as they were having running contracts with the buyer from 

previous years which is not reflected in the data set. To overcome these two issues, the year 

2010 was considered as the starting year for our data analysis in this research. 

Table 3-4 : Number of New Contracts and Total Contracts 

Time Span 
New 

Contract 

Total 

Contract 
Ratio 

2009 1393 3009 46% 

2010 to 2018 17026 19876 86% 

 
7 https://open.canada.ca/data/en/dataset/53753f06-8b28-42d7-89f7-04cd014323b0 

https://open.canada.ca/data/en/dataset/53753f06-8b28-42d7-89f7-04cd014323b0
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In this research, predictive modelling is applied to predict the future value of a supplier. 

Consequently, two different time period were used: model training time period and prediction 

time period. Modeling time is the period during which contract information about suppliers is 

known and the information is used to train a model, while prediction time is the period during 

which supplier value is predicted for. 

To demonstrate the application of predictive techniques, we need suppliers with 

contract information during both the modeling and prediction periods. The number of suppliers 

that had contracts in a given year and previous years was small. Therefore, to identify sufficient 

number of suppliers, we considered three years for prediction period and the previous six years 

for model training period. Prediction period starts from the beginning of 2016 to the end of 

2018 (3 years) and modeling period covers the beginning of 2010 to the end of 2015 (6 years). 

Only suppliers who had at least one contract with the buyer in both the modeling and prediction 

periods were chosen. Figure 3-5 depicts the time span used in this research. 

 

Figure 3-5 : Modelling and Prediction Time Periods 

3.3.1 Variable Definitions 

Given the proposed conceptual model and available information in the dataset, the following 

list of relevant attributes were extracted and pre-processed in this research. The role and 

measurement levels of these attributes are explained in the following section. 



 

30 

 

3.3.1.1 Target Attribute (Future Value Class) 

We defined the target value as the future value that a supplier can have for its customers in the 

supply network. The target value represents the potential future value of a supplier that the 

buying company can anticipate to capture. Knowing this future value of a supplier, a buying 

company will be able to define suitable strategies to improve its long-term relationships.  

Usually two different approaches can be used to capture the potential future value of a 

supplier. The first approach is descriptive which is based on clustering suppliers using their 

characteristics and estimating the average values of suppliers in the group to represent the 

potential future value for each supplier in the cluster. However, as the values of suppliers are 

not distributed uniformly, it may decrease the accuracy of this approach. The second approach 

involves predicting exact future value. This approach may not be easily practical and 

straightforward in a supply chain. Buying companies prefer managing suppliers with similar 

properties, as it needs less costs and resources than individual suppliers (Noorizadeh et al., 

2018). Scant literature of supplier segmentation has assessed the advantages and disadvantages 

of this approach (e.g., (Rezaei & Ortt, 2012)). 

The specific approach we used in this research involves calculating the potential future 

value of suppliers and employing a Pareto curve to classify suppliers into High Value Class 

and Low Value Class. Pareto principle has been used in different areas of supply chain 

management, such as in procurement management to prioritize the most critical parts (Garzon, 

Enjolras, Camargo, & Morel, 2019; Padhi, Wagner, & Aggarwal, 2012; Saidy, Panavas, Harik, 

Bayoumi, & Khoury, 2017); in risk management to define the important risks (Giannakis & 

Papadopoulos, 2016; Mizgier, 2017; Nugraheni, Yuniarti, & Sari, 2017); in supplier selection 

to classify suppliers (Shojaie, Babaie, Sayah, & Mohammaditabar, 2018); in selecting critical 

suppliers for development (Sharma & Yu, 2013); or in identifying relevant supplier selection 
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criteria (Suraraksa & Shin, 2019). Pareto curve was also used to classify future value of 

customers in prior studies (Ekinci, Ülengin, Uray, & Ülengin, 2014; Tirenni, Kaiser, & 

Herrmann, 2007). 

In this research, the future value of a supplier was defined as the sum of the average 

contracts value for each product between a supplier and the buying company during a future 

time period. Equation (1) shows the future value, SVi,, for supplier i, where j represents the 

number of a supplier’s customers in the network, p is the number of products that supplier i 

provides to buyer j, and vi,j,p is the average of contract values for product p between supplier i 

and buyer j. Discount cash flow was not considered in definition of supplier future value. 

SVi= ∑ ∑ 𝑣𝑖,𝑗,𝑝𝑝𝑗       (1) 

There were 3354 suppliers in the network that have at least one contract in both during 

the modelling and prediction time periods. After ranking suppliers according to their future 

value, Pareto curve was fitted to define the high and low supplier class levels. Figure 3-6 shows 

the Pareto curve. 

 

Figure 3-6 : Pareto Curve on Suppliers’ Future Value 
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In Figure 3-6, the horizontal axis illustrates the cumulative percentage of suppliers 

ranked in descending order by their future value. The vertical axis represents the cumulative 

contract value of suppliers with all its buyers. The vertical line shows the standard threshold of 

the Pareto Principle (20%-80%). As the curve illustrates, 18.25% of the suppliers represent 

80% of the total contract values. This threshold was used to segment suppliers and define their 

classes. Suppliers that form 80% of the total contract value in the network were classified as 

high value suppliers and the rest of the suppliers were classified as low value suppliers. Table 

3-5 presents the segmentation details. 

Table 3-5 : Segmentation of Suppliers 

Segment Percentage of Suppliers Approx. Contract value (%) 

High Value Supplier 18.25% 80% 

Low Value Supplier 81.75% 20% 

 

This binary classification was used for the PWGSC suppliers. Contract data of 1063 

suppliers was collected, and suppliers were classified based on their network potential future 

value. Table 3-6 shows the distribution of suppliers in terms of their future values. 255 of 

suppliers were classified as high value suppliers and the remaining 808 suppliers were 

classified as low value suppliers. It’s important to note that this distribution in the target 

attribute may cause a problem of class imbalance that may affect the training process in a 

classification algorithm (Japkowicz, 2000). To overcome this problem, a biased sampling 

procedure is applied and a matched sample consisting of the 255 suppliers with the high future 

value and 255 randomly selected suppliers with low future value was used.  
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Table 3-6 : High and Low Value Suppliers 

 High Value 

Suppliers 

Low Value 

Suppliers 
Total 

Public Works and Government 

Services Canada Suppliers 
255 808 1063 

Unbiased Sample 255 255 510 

 

3.3.1 Input Attributes 

The input variables for predicting the target class were selected based on an extensive review 

of previous studies on supplier selection and relationship value as well as the objective of this 

study. To facilitate the suitability of the measurement levels of the attributes for prediction 

accuracy as well as interpretability, both interval and categorical scales were experimented in 

the prediction process. Table 3-7 shows the attributes identified, their descriptions, and prior 

studies that utilized them.   

3.3.1.1 Longevity 

Buyer- supplier relationship is dynamic and the length of the relationship duration has a 

moderating role in supplier value creation (Eggert et al., 2006). This value can come from 

knowledge transfer between buyer and supplier (Squire, Cousins, & Brown, 2009), which 

depends on the length of the relationship (Simonin, 1999). At the beginning of supplier-buyer 

relationship, companies should focus more on relatively simple projects such as on-time 

delivery improvement projects and then emphasize on complex tasks (Squire et al., 2009), such 

as process integration, existing product improvement or developing new product development. 

Relationship length increases the trust between partners (Knoppen & Christiaanse, 2007) which 

is a central organizing construct in supplier buyer relationship (Wagner, 2011).  

To measure supplier-buyer relationship duration, defined as “longevity” in this 

research, the number of years between the first contract and the prediction time was considered. 
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Two types of suppliers were defined. Suppliers with three and less years of relationship 

duration are defined as “New Suppliers” and those with more than three years are defines as 

“Established Suppliers”. 

3.3.1.1 Recency 

This attribute measures how recently a supplier provided products or services to the buyer. A 

supplier with a recent purchase is usually actively engaged and provides products or services 

that are more compatible with recent or current requirements and standards of the buyer. 

Moreover, social capital and truest level of most recent suppliers are considered the highest 

(Noorizadeh et al., 2018). Hence, the likelihood of future purchase from this supplier and the 

potential to deliver future value by this supplier are higher. In this research, suppliers with 

contracts during the year before the prediction date are considered “Recent Supplier”. Suppliers 

whose last contract was two or three years before the prediction date are considered as “Active 

Suppliers”; and suppliers whose last contract was more than three years are considered as 

“Lapsed Suppliers”. 
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Table 3-7 : Variables 

  Variable Description Categorises Author(s) 

   

Longevity 

This measures the time between the 

first contract and prediction start date 

in terms of year. 

New, Established 

 (Eggert et al., 2006; Hong et al., 2018; 

Krause, Handfield, & Tyler, 2007; Sarkis 

& Talluri, 2002; Wagner, 2011) 

Recency 

This measures the time between the 

last contract and prediction start date 

in terms of year. 

Recent, Active,  

Lapsed 
(Noorizadeh et al., 2018)  

Frequency 
This measure the number of contracts 

for a supplier in modeling time span. 
Low, High 

(Autry & Golicic, 2010; Capaldo, 2007; 

Hong et al., 2018; Noorizadeh et al., 

2018)  

Supplier 

Know- how 

Product 

Portfolio Size 

This measure the number of different 

products that a supplier provides for 

the buyer. 

Single, Multiple 

product 

(Cui & Coenen, 2016; Fallahpour, 

Kazemi, Molani, Nayyeri, & Ehsani, 

2018; Noorizadeh et al., 2018)  

Personal/ 

Social 

Interaction 
Communication 

This measures the number of buyer`s 

contracting offices (agent) that a 

supplier has connection with them. 

Single channel, 

Multiple channel 

(Cui & Coenen, 2016; Wu, Weng, & 

Huang, 2012)  

Cost Proximity 
This measures the distance between 

supplier and buyer contracting agent. 
Nearby, Distant 

(Dickson, 1966; Fallahpour et al., 2018; 

Fallahpour et al., 2017; Kuo, Wang, et 

al., 2010; Manello & Calabrese, 2019; 

Tavana et al., 2016)  

Network 

properties 
Supplier Power 

This measures the power of a supplier 

in terms of available alternative 

suppliers for each product. 

Low, High 
(Ganesan, 1994; Kim & Henderson, 

2015)  
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3.3.1.2 Frequency 

The relationship between a supplier and a buyer starts with a contract and evolves through 

repeat transactions between them over time (Schurr, 2007). The frequency is a key factor for a 

strong tie between buyer and supplier (Capaldo, 2007). Frequency also results in improved 

performance (Cousins & Menguc, 2006), helps companies to focus on core competences, 

assess skills and resources, reduce costs, or increase flexibility (Schurr, 2007). The high 

number of contracts between a supplier and a buyer shows the a high intent and commitment 

of a supplier for a long-term relationship with the buyer (Hong et al., 2018). Each contract can 

bring value to the buyer (Noorizadeh et al., 2018), therefore, suppliers with higher number of 

contracts can have more potential to deliver high future value. Frequency measures the number 

of contracts between a supplier and the buyer. Two categories are considered for this variable. 

Suppliers with less than three contracts are considered as “Low Frequency Suppliers”, and 

suppliers with more than three contracts were considered as “High Frequency Suppliers”. 

3.3.1.3 Product Portfolio Size 

Product portfolio size shows the degree of complementarity and mutual relationships between 

buyer and supplier (Mandt, 2018). The alignment between a supplier’s skills and resources 

needed by a buyer is a perfect fit between supply and demand in buyer-supplier relationship 

(Schmitz, Schweiger, & Daft, 2016), which can help both buyer and supplier to set and achieve 

their mutual goals (Turner, LeMay, Hartley, & Wood, 2000). Moreover, product portfolio size 

shows the supplier’s know-how and capabilities in technological skills and operational 

competencies for developing new products, improving existing products, or offering 

supporting services. In this research, product portfolio is used to measure supplier-buyer 

mutual goals, and supplier’s know-how and market knowledge for building a relationship 

value. 



 

37 

 

To measure the product portfolio size, the number of different products or services a 

supplier provides to the buyer are considered. In this measure, product encompasses both the 

product and service. This variable considers only products that the buyer needs during its 

relationship with a supplier, therefore it shows the technological capabilities of a supplier for 

providing and responding to the buyer need. Some suppliers can only provide single 

product/service to the buyer, and others are capable of providing more products or supporting 

services. Therefore, two categories were considered for portfolio size; single and multi-product 

portfolio.  

3.3.1.4 Communication 

Communication is an important factor for successful buyer‐supplier relationships. A buying 

company should know about its suppliers to understand their capabilities, while suppliers need 

to know their customers business to invest in innovations and solutions that help the buying 

company to achieve its goal (Stock & Manrodt, 2019). In other words, learning from partners 

is critical to create differential advantages and extraordinary returns. Moreover, 

communication can increase partners' intention for long‐term cooperation and developing trust  

(Wu et al., 2012). Cooperation between buyer and supplier improves as the frequency of 

contacts between them increases (Heide & Miner, 1992). Moreover, improving communication 

and information sharing decrease opportunistic behaviour by enhancing trust, commitment and 

interaction between buyer and supplier (Ganesan, 1994). Therefore, mutual understanding and 

cooperation resulting from communication can guide partners to set and achieve mutual goal,  

and the resulting trust between them in turn helps to manage conflicts and solve problems better 

(Stuart, Deckert, McCutcheon, & Kunst, 1998). The overarching outcome from this will 

eventually lead to relationship value for the buyer (Eggert et al., 2006). 
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As discussed in Section 3.2, contracting offices are responsible for selecting suppliers 

on behave of different departments of Canada government. Having connection with contracting 

offices shows the number of channels that a supplier established with the buyer. These touch 

points show the extent of a supplier’s efforts to understand and meet the buyer’s needs. 

Therefore, the number of agents that a supplier has connection with is considered as a measure 

of communication. Two categories were defined: multi-channel and single channel.  

3.3.1.5 Supplier Bargaining Power 

A buyer enters into exchange relationship to obtain the required recourses for its operations 

(Pfeffer & Salancik, 2003). Since the resources gained from this process are not under the 

control of the buyer, to maintain continuous access to these resources in the future, the buyer 

will rely on the resource owner (Casciaro & Piskorski, 2005). As a result, this dependency on 

a supplier can create a bargaining power for the supplier, and consequently can affect the 

potential future value a supplier will have for the buyer. In his seminal work, Emerson (1962) 

described dependency and power as opposites to one another. In other words, dependency on 

a partner provides power for that partner. Different meanings have been suggested for buyer 

dependency. Some researchers (Ganesan, 1994; Kim & Henderson, 2015) considered the 

limitation of alternative suppliers that a buyer might have in the supply network as the 

dependency to a supplier. This research considered the reverse of the buyer’s dependency as 

the supplier’s bargaining power. This definition was chosen because it focuses on the entire 

supply network context of the dependency, instead of the dependency that is originating only 

from the buyer-supplier relationship. Olsen and Ellram (1997) used supplier’s power as a factor 

for measuring the complexity of the supply market. 

To define a supplier’s bargaining power, the number of available alternative suppliers 

in the network were measured for each product. In the next step, products were ranked in 
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descending order in terms of available suppliers and assigned to a decile. The assigned decile 

represents the power of a supplier supplying that product. Finally, the average value of the 

decile positions of all the products a supplier provides to the buyer represents that supplier’s 

power with resect to the buyer. When discretizing this measure during modelling, the Pareto 

principle was used to categorize suppliers into “High Bargaining Power” and “Low Bargaining 

Power”  

3.3.1.6 Proximity 

The distance between the buyer and supplier is a tangible criterion of transportation cost 

(Tavana et al., 2016) and has been used in several supplier selection research. Proximity 

facilitate sourcing and increases the probability of gaining new contracts (Manello & 

Calabrese, 2019; Schmitt & Van Biesebroeck, 2013). In addition, in some industry such as auto 

makers, proximity to the supplier can decrease the expected defect rates by 3.9% (Bray, Serpa, 

& Colak, 2019), resulting in value for the buyer.  

If a supplier and the contracting office are in the same province, it was regarded as 

“Nearby Supplier”, otherwise, it is “Distant Supplier”. Note that for suppliers with several 

branches, or with connection to different contracting offices, if at least one pair of branch and 

contracting office are not in the same province, this supplier was considered as distant supplier. 

The variables described above are used as inputs for clustering suppliers in the 

unsupervised phase of our modelling and for training predictive machine learning models for 

predicting the future value classes of suppliers (the target attribute). Table 3-8 present the 

summary statistics of all the variables used. To provide a more generalized interpretation of 

the results and the profiles of suppliers from the cluster analyses, we discretized the variables. 

Table 3-9 presents the discretized categories of each variable and their percentage 

representation in the data. 
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Table 3-8 : Summary Statistics (Before Discretization) 

  Average St. dev Min Max 

Longevity 4.29 1.79 1 6 

Recency 2.16 1.53 1 6 

Frequency 5.85 11.45 1 157 

Product Portfolio Size 2.43 2.57 1 25 

Communication 1.89 1.64 1 13 

Supplier Bargaining Power 22.45 17.29 10 100 

 

Table 3-9 : Summery Statistics (After Discretization) 

Categorical Variables Categories Percentage 

Longevity 
Established 69% 

New 31% 

Recency 

Active 29% 

Lapsed 20% 

Recent 51% 

Frequency 
High 38% 

Low 62% 

Product Portfolio Size 
Multi Product 51% 

Single Product 49% 

Communication 
Multi Channel 40% 

Single Channel 60% 

Supplier Bargaining Power 
High 58% 

Low 42% 

Proximity 
Distant 44% 

Nearby 56% 

 

3.4 Unsupervised and Supervised Machine Learning Techniques  

In this section, we demonstrate the application of both unsupervised and supervised machine 

learning techniques for supplier selection and generating insights for relationship strategies. 

For the unsupervised learning phase, we utilize the Two-Step cluster analysis technique (Chiu, 

Fang, Chen, Wang, & Jeris, 2001; Zhang, Ramakrishnan, & Livny, 1997). For the supervised 

(predictive) phase, we use the C4.5 Decision Tree algorithm (Quinlan, 1993).  
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3.4.1 Unsupervised Machine Learning Techniques (Cluster Analysis) 

To understand supplier’s profile and generate insights for developing dynamic relationship 

strategies, we first explore unsupervised machine learning techniques, particularly clustering 

algorithm. Clustering algorithms are very popular in generating meaningful profiles of entities 

such as customers or suppliers and establishing service or relationship strategies. Clustering 

algorithms are commonly used data mining techniques to organize observed data into 

meaningful groups or clusters. Several past studies have applied different types of clustering 

algorithms (e.g., K-means clustering, Hierarchical clustering, or Two-Step clustering) to a wide 

variety of application domains, such as in identifying market segments (Chaturvedi, Carroll, 

Green, & Rotondo, 1997; Dolnicar, 2003), clustering nations based on their ICT development 

stages for effective policy making (Ayanso, Cho, & Lertwachara, 2010, 2011), and profiling 

mobile Internet adopters (Okazaki, 2006). In Finance, Dardac and Boitan (2009) used the 

clustering technique to examine and classify Romanian credit institutions into smaller, 

homogenous clusters, in order to assess which credit institutions have similar patterns 

according to their risk profile and profitability. In the Marketing literature, Chen, Hung, and 

Peng (2012) used cluster analysis to identify segments of pet owners in terms of the owners’ 

characteristics in order to provide some potential strategic implications for the industry.  

In the majority of recent studies using clustering algorithms, the Two-Step clustering 

algorithms is commonly applied mainly to large datasets with continuous and categorical 

variables. For example, Ayanso and Yoogalingam (2009) used the Two-Step clustering 

algorithm to study Web retailers and their online functionalities using data on the top 500 U.S. 

online retailers.  The Two-Step clustering algorithm is designed to handle large data sets with 

a number of advantages over other traditional clustering methods such as K-means and 

Hierarchical clustering methods (Chiu et al., 2001; Zhang et al., 1997). More specifically, this 
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clustering algorithm improves the computational efficiency of the clustering process by 

allowing pre-partitioning of a large data set into mini clusters before the actual, final clusters 

are formed. It is also one of few clustering algorithms that allow for a mixture of different types 

of variables. It can also automatically suggest the number of clusters based on statistical criteria 

such as Bayesian information criterion (BIC) (Schwarz, 1978) or Akaike information criterion 

(AIC) (Akaike, 1974). Compared to AIC, the BIC is usually considered more suitable when 

the goal of clustering is exploration rather than prediction (Chiu et al., 2001; Kuha, 2004). The 

Two-Step clustering is also fairly robust to violations of both assumption of independence and 

distributional assumptions on the data8. Furthermore, the Two-Step clustering algorithm 

provides post cluster evaluation to support cluster quality and stability. Many of these strengths 

align very well with the objective of this research in a complex supplier network and the nature 

of data we use to effectively demonstrate the application of machine learning techniques for 

supplier selection and the development of dynamic and feasible relationship strategies.  

In the first step, which is a pre-clustering stage, the Two-Step clustering algorithm 

assigns each instance into either a new group of records or an existing group based on a distance 

measure. This creates sub-clusters which represent the original instances. To make this task 

scalable and store the sub-clusters, the pre-clustering step uses a modified cluster feature (CF) 

tree (Zhang et al., 1997). In the second step, pre-clusters are merged using hierarchical 

clustering procedure. 

The following notation is used to describe the algorithm: 

X  Total number of continuous variables 

Y  Total number of categorical variables 

 
8 

https://www.ibm.com/support/knowledgecenter/en/SSLVMB_24.0.0/spss/base/idh_twostep_main.html 
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Ly  Number of categories for yth categorical variables 

Rx  Range of xth continuous variable 

N  Number of data records in total 

Nk  Number of data records in cluster k 

σ̂x
2  Estimated variance of xth continuous variable in entire data 

σ̂jx
2   Estimated variance of xth continuous variable in cluster j 

Njyl  Number of data records in cluster j whose yth categorical 

variable 

takes the lth category 

d(j,s)  Distance between clusters j and s 

<j, s>  Index that represents cluster formed by combining clusters j and s 

 

There are two distance measures in use depending on the types of variables in the 

analysis (all continuous or a mixture of continuous and categorical variables). The Euclidian 

distance function is automatically injected when all the variables are continuous variables and 

the Log-likelihood distance function is the default when both continuous and categorical 

variables are in use. In Log-likelihood distance measure, the distance between two clusters is 

measured as the decline in log-likelihood if they are combined into one cluster (Chiu et al., 

2001). The log-likelihood distance between two clusters j and s is defined as follows: 

    d(j, s) = 𝜉j +  𝜉s – 𝜉<j,s>  

where 

𝜉v= - Nv(∑
1

2
log(𝜎𝑥

2𝑋
𝑥=1 + 𝜎𝑥

2) +∑ 𝐸𝑣𝑦
𝑌
𝑦=1 )  

and 

Evy= - ∑
𝑁𝑣𝑦𝑙

𝑁𝑣
log

𝑁𝑣𝑦𝑙

𝑁𝑣

𝐿𝑦
𝑙=1 . 
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As mentioned before, the algorithm also uses either Bayesian information criterion 

(BIC) or the Akaike information criterion (AIC) to determine the optimal number of clusters. 

For J clusters, the BIC and AIC are defined as follows, respectively:  

BIC(J) = -2 ∑ 𝜉𝑗 +𝑚𝑗 log(𝑁)
𝐽
𝑗=1   

AIC(J) = -2 ∑ 𝜉𝑗 + 2𝑚𝑗
𝐽
𝑗=1  

Where 

MJ = J{2𝑋 +∑ (𝐿𝑦 − 1)𝑌
𝑦=1 } 

We employ the Two-Step clustering algorithm implementation in SPSS Version 25 for 

the data analyses. Based on extensive exploratory steps on the input variables described above, 

we explore the profiles of suppliers and offer discussions on the potential implications for 

differential relationship strategies and actions for the buying company.     

3.4.2 Supervised Machine Learning (Decision Tree Modelling)  

Predictive machine learning algorithms are becoming popular methods for supporting decision 

making in data intensive applications in various industries. Several light-weight as well as 

sophisticated algorithms are available for use for predictive tasks in different application 

domains. One of the challenges in choosing a specific technique in applied environments is the 

need to balance the required prediction accuracy from the technique and the decision maker’s 

ability to interpret the outcome of the prediction results in the application domain. While 

techniques such as artificial neural networks and support vector machines can handle data 

quality issues and complex prediction tasks, techniques such as decision tree and regression 

are able to provide more valuable business insights for decision makers. More importantly, 

decision trees are popular choices for classification tasks due to their simplicity and 
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independence from specific assumptions about variables in the data and their relationships 

(Lee, Chiu, Chou, & Lu, 2006). In some cases this technique outperformed traditional 

approaches such as discriminate analysis and logistic regression and other machine learning 

techniques such as neural network and support vector machine (e.g., Lee et al. (2006). In 

addition, decision trees are computationally faster than other techniques such as neural 

networks (Tirenni et al., 2007), making it suitable for large datasets. Also, decision tree results 

are very simple to interpret, because easily understandable rules can be extracted for 

classification tasks and other operational strategies.  

Apart from applications in supply chain management, decision trees have been used in 

different areas of research such as in recommender systems (Cheung, Kwok, Law, & Tsui, 

2003; Gershman et al., 2010; Linda & Bharadwaj, 2018); software fault prediction (Arisholm, 

Briand, & Fuglerud, 2007; He, Li, Liu, Chen, & Ma, 2015; Rathore & Kumar, 2016; Singh & 

Verma, 2012; Vandecruys et al., 2008); business failure prediction (Durica, Frnda, & Svabova, 

2019; Gepp, Kumar, & Bhattacharya, 2010); customer churn prediction (Dalvi, Khandge, 

Deomore, Bankar, & Kanade, 2016; Höppner, Stripling, Baesens, vanden Broucke, & 

Verdonck, 2018; Huang, Kechadi, & Buckley, 2012); and in cancer prognosis and prediction 

(Delen, Walker, & Kadam, 2005; Kourou, Exarchos, Exarchos, Karamouzis, & Fotiadis, 2015). 

 Considering their simplicity and computational advantages, as well as their wide area 

of applications, in this research we use a decision tree algorithm to demonstrate the predictive 

modelling approach to classifying suppliers, acquiring potential high value suppliers and 

building effective relationships with them dynamically.  

A decision tree is a tree-like graph or model that maps a set of attributes to one or more 

class levels of a target attribute with some domain-specific significance in a predictive 

environment. A decision tree can be trained by partitioning multi-dimensional datasets into 
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subsets based on attribute values and splitting criteria. In general, for a set of instances (X, Y), 

where X is an n- dimensional vector X=[x1, x2, x3, …, xn] and Y is a categorical variable, a 

classification algorithm tries to find a function h(x) by mapping the vector X to a class in Y. 

h(x): X→ Y 

The n- dimensional vector X consists of attributes of each instance while the variable 

Y indicates the class of that instance. Data can be split into training set and test set. After the 

function h(x) is trained, it can be used to predict the class of a give instance with vector of 

predictor variables. Most of the algorithms developed for decision-tree modelling use a top-

down greedy search strategy to split attribute values and partition the multi-dimensional space. 

that explores through the possible decision trees. But this is not the only approach for training 

decision trees (See, for example, Barros, Cerri, Jaskowiak, and De Carvalho (2011) for a 

bottom-up approach).  

In general, finding optimal decision tree is not computationally feasible due to the 

complexity of the multi-dimensional partitioning space. However, various algorithms have 

been developed for constructing reasonably accurate decision trees with acceptable accuracy 

and computational time. Iterative Dichotomiser 3 (ID3) (Quinlan, 1986), C4.5 (Quinlan, 1993), 

Classification And Regression Tree (CART) (Breiman, Friedman, Olshen, & Stone, 1984), 

Chi-square Automatic Interaction Detection (CHAID) (Kass, 1980) are some of the most 

common decision tree algorithm. The C4.5 decision-tree algorithm is an extension of ID3 that 

can be used for classification. In their seminal work,  Wu et al. (2008) mention this algorithm 

as one of the top ten algorithms in data mining. In this research, we use the C4.5 algorithm’s 

implementation in WEKA, also known as J48 (Tan, Steinbach, & Kumar, 2006). 
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Decision tree can split the training set into sub-sets to map instances with similar values 

of X into the group with the same Y values (classes). In decision tree, this is called node purity 

and different criteria are available for assessing the outcome of a split condition on a given 

attribute (e.g., The GINI Index; Entropy which uses Information Gain or Gain Ratio criterion; 

or Chi-Square Test). To find the splitting that has the maximum purity, learning algorithm 

assesses all possible splitting point for all attributes. In every node, the split which leads to the 

highest improvement in purity is chosen. This repetitive process continues for each node until 

no significant improvement can be gained or too few instances remain in the node. In that case, 

the node is named a leaf and the value of the majority instances belonging to this node 

determines the leaf’s class label.  

The C4.5 algorithm uses Information Gain, and Gain Ratio that are both based on 

Entropy to rank possible tests (Wu et al., 2008). Information Gain minimizes the total entropy 

of the subsets Si and is defined as follow: 

IG(S,X) = Entropy (S) - ∑
|𝑆𝑥|

𝑆𝑥  Entropy (Sx), 

Where S is a training set, X is an attribute with an attribute value x, and Sx is a subset 

of S consisting of instances with X=x. Entropy measures the purity of the resulting subsets 

after splitting each attribute in the training dataset.  

Entropy (S)= −∑ 𝑃𝑠(𝑐𝑖) log 𝑃𝑠(𝑐𝑖)
|𝐶|
𝑖=1  

Where |C| is the number of classes and 𝑃𝑠(𝑐𝑖) is the relative frequency of class ci at set 

S. Entropy for Sx is calculated in the similar way. Information Gain is heavily in favor of 

attributes with larger outcomes (Wu et al., 2008). To solve this problem, Gain Ratio which is 

the ratio of information gain and intrinsic information was proposed by Quinlan (1986). The 

intrinsic information is represented by Entropy (Sx).  
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The result of the splitting algorithm is the classification function h(x) that allows to 

classify each instance by considering its variables in the form of decision tree. To avoid 

overfitting, the initial decision tree should be pruned. C4.5 prunes based on pessimistic 

estimation of error rate. To calculate upper limit of error rate, C4.5 uses binomial probability. 

Pruning starts from leaves to the root. C4.5 compares the sum of estimated errors of branches 

if a subtree is to be replaced by a leaf node (Wu et al., 2008).  

 

Figure 3-7 : Decision Tree Algorithm (adapted from datacamp.com)9 

 

3.5 Performance Evaluation 

3.5.1 Performance Evaluation Measures (Metrics) 

After training a classification model, the performance accuracy of the prediction should be 

assessed before deployment. In our application of predictive modelling, the goal is to predict a 

supplier’s potential future value class (High Value versus Low Value). Buying companies can 

 
9 https://www.datacamp.com/community/tutorials/decision-tree-classification-python 

https://www.datacamp.com/community/tutorials/decision-tree-classification-python
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apply classification model to acquire new relationship or assess the potential class levels of 

existing relationships for adjusting appropriate strategies. 

A general approach to describing the overall performance of a classification algorithm 

is using a Confusion Matrix. A confusion matrix presents the hits and misses of the algorithm’s 

performance depending on the number of class levels. In a binary classification problem, this 

is presented using a primary class (positive) and secondary class (negative) where the primary 

class is a class level with some degree of interest or significance for the decision making 

environment (e.g., approve versus reject). The confusion matrix of a binary classification is 

depicted in Table 3-10.   

Table 3-10 : Confusion Matrix for a Binary Classification 

    Pred. Class 

    Positive Negative 

True Class 

Positive True Positive (TP) 
False Positive 

(FP) 

Negative 
False Negative 

(FN) 

True Negative 

(TN) 

 

In the decision tree training process for the data in this study, True Positive (TP) and 

True Negative (TN) represent correct classification of supplier class in primary (high value) 

and secondary (low Value) class level, respectively. False Positive (FP) and False Negative 

(FN) represent incorrect classification of a supplier in primary and secondary class level, 

respectively. 

Equation 2 shows the overall accuracy formula for a binary classification. 

Accuracy= 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  (2)  
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Precision and Recall are class-specific model performance evaluation metrics that are 

usually used in the research machine learning community. They are also often described as 

cost-sensitive measures. Precision measures the percentage of predicted suppliers for a given 

class that were also labelled as that class, while recall shows the percentage of suppliers 

belonging to a given class that were correctly labelled (also called Sensitivity or True Positive).  

Equation 3 and Equation 4 show the formulas of precision and recall, respectively. 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
  (3) 

Recall = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
  (4) 

 

3.5.2 Validation Options (Cross-Validation) 

There are several cross-validation techniques for estimating the performance of a prediction 

model during the training process. 

3.5.2.1 K-Fold Cross-Validation 

K fold cross-validation, introduced by (Burman, 1989), randomly divides data into K datasets. 

K-1 folds are used to train the model, and one of the folds is used as the test dataset. In every 

run, a different fold is assigned to test dataset, while the model is trained by the remaining 

folds. At the end of this process, each case in the dataset was predicted one time. Therefore, K 

models are developed based on different training set, and K corresponding performance 

evaluations are calculated. The average of these performance evaluations can be calculated to 

evaluate true predictive ability. 
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3.5.2.2 Holdout Cross-Validation 

Holdout cross-validation is a kind of 2-fold-cross validation. The initial dataset is randomly 

split into two datasets, training dataset and test dataset. These two datasets are not necessarily 

equal in size. The performance evaluation of the model can be misleading, because in this 

technique, model is trained once over training dataset, making the performance of the model 

sensitive to the data partitioning.  

3.5.2.3 Leave-One-Out Cross-Validation  

This is another type of K-fold cross-validation, where K equals the number of cases in initial 

dataset. During the runs, every time only one case is used for testing. Although this technique 

is suitable for very small datasets, as the size of the dataset increases, the computing time 

increases consequently (Dubitzky, Granzow, & Berrar, 2007). 

In order to achieve a reasonable assessment of a classification model, suitable training 

and evaluation technique should be selected. Initial dataset in this research is relatively small 

(explained in Section 3.3), making holdout cross-validation approach the least preferred. In 

addition, the methods chosen need to be practical in actual business environments. Therefore, 

in our application, we use the K-fold cross-validation approach for assessing predictive 

performance where K can be chosen after experimentation.   
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Chapter 4  Data Analysis and Results 

This chapter details the results of the unsupervised and supervised data analyses using the data 

of PWGSC contract history. First, the supplier profiles and clustering results of the Two-Step 

cluster algorithm are presented. This is followed by the results obtained from the C4.5 decision 

tree algorithm for predicting the potential high versus low value class levels of the suppliers.   

4.1 Two-Step Cluster Analysis Results 

The aim of clustering in this phase is to find clusters of suppliers based on their profiles and 

their relationships with the buyer. Therefore, seven variables; longevity, frequency, recency, 

product portfolio size, communication, geographical proximity, and supplier power were used 

in this phase as input. To evaluate the quality of clustering results, the Silhouette Index, which 

measures the cohesion and separation of the resulting clusters, was used. The Silhouette Index 

measures how similar an object is to its own cluster (cohesion) compared to other clusters 

(separation) in a normalized scale ranging between -1 and +1, indicating poor and good 

clustering quality, respectively (Chen et al., 2002).  

In this study, BIC was used to determine the optimal number of clusters. While a good 

clustering model is the one that has minimum BIC among all the other models, the higher 

number of clusters increases the complexity and decreases the interpretability of the model. 

Considering these two aspects, auto clustering determined two clusters as the optimal number 

of clusters.  

Two clusters were determined in this phase. However, these two clusters do not provide 

meaningful interpretation of the distinct profiles of the suppliers. Therefore, after extensive 

experimentation with the variables and the insights obtained, three distinct clusters were 
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identified. The cluster quality is near 0.5 which is near the good quality range in terms of the 

Silhouette measure of cohesion and separation (Figure 4-1). 

 

Figure 4-1 : Cluster Quality 

For ease of interpretation and practical insights, we labelled the three cluster as “New 

Suppliers”, “Relationship Builders”, and “Lapsing Suppliers”. Figure 4-2 illustrates the 

distribution of these three clusters. The “Relationship Builder” cluster consists of almost half 

of the suppliers (46.7%). This cluster is associated with suppliers that have high value. It is 

important to note that the value attribute was not used as an input for the cluster analysis. The 

value attribute was used as a post-hoc evaluation field in the cluster analysis to examine the 

potential for extending the unsupervised modelling approach to predictive modelling. The 

“New Suppliers” and “Lapsing Suppliers” form 31.7% and 21.7%, respectively. These two 

groups of suppliers are mostly related to low value in the post-hoc examination.  

 

Figure 4-2 : Clusters sizes 
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Figure 4-3 ranks the inputs in terms of their relevance in the clustering results. The 

recency variable was found to be the most crucial factor for clustering suppliers, followed by 

product portfolio size, frequency, longevity, and communication. Bargaining power and 

proximity were found to be the least contributing inputs in the clustering process.  

 

Figure 4-3 : Variable Importance in Clustering 

Figure 4-4 illustrates the detailed profiles of the suppliers on the variables used for 

clustering. As mentioned before, the evaluation field (the value attribute) shows the post-hoc 

examination of the three clusters in terms of the initial classification of suppliers by Pareto 

Curve in a post-hoc (explained in Section 3.3.1.1). The “New Suppliers” and “Lapsing 

Suppliers” are primarily associated with suppliers with low potential value and the 

“Relationship Builders” are primarily related to suppliers with high potential value. 



 

55 

 

 

Figure 4-4 : Detailed Cluster Profiles 
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4.1.1 Cluster Profiles Related to High Contract Values  

4.1.1.1 Relationship Builders 

We labelled “Relationship Builders” because of the high relationship capacity and extensive 

activities with the buyer. Relationship builders form 46.7% of suppliers. These suppliers have 

at least one contract in the last three years, and 70% of them have at least one contract in the 

previous year. Also, 98% of the suppliers are capable of providing several products or services; 

83% of them have high number of contracts; 95% are established suppliers; and 72% of them 

made connection to multi agents of the buyer. Moreover, 90% of these suppliers have high 

bargaining power and 58.2% of suppliers are distant suppliers (located relatively far from the 

buyer). Finally, 70% of suppliers in this cluster are related with high value.  

4.1.2 Cluster Profiles Related to Low Contract Values  

4.1.2.1 New Suppliers 

This group consists 32% of suppliers. They have at least one contract in the last three years and 

56% of them have it in the previous year. Almost all of them provide one product and have low 

frequent contracts with the buyer during their relationship. Most of the suppliers (83%) have 

new relationship with the buyer. In terms of bargaining power and proximity, 63% of the 

suppliers have low power and 68% of them are located close to the buyer. Furthermore, 66% 

of these suppliers in this cluster are related to the suppliers with high value. This group of 

suppliers are called “new supplier” owing to the relatively new relationship with the buyer. 

4.1.2.2 Lapsing Suppliers 

All of the suppliers in this cluster did not have any contract in the last three years. 86% of them 

provide only single product or service to the buyer. They have established relationship with the 

buyer in terms of length of relationship, and during this relationship they have low number of 
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contracts with the buyer. 91% of them made connection to only one agent of the buying firm. 

53% of them have low bargaining power, and 77% are local suppliers. In addition, 68% of 

them are identified with low value in the post-hoc examination. Since this group consists of 

suppliers that do not have any contract in the last three years, they are labelled “Lapsing 

Suppliers” in the relationship spectrum. 

The cluster analysis has clearly allowed us to capture the detailed profiles of suppliers 

that could be translated into potential relationship strategies and actions for the buying firms. 

This would allow the buying firms to mirror the relationship management practices that are 

common in the customer domain through segmentation. Buying firms can develop distinct 

relationship strategies that are suitable to each cluster informed by the input attributes captured 

in the cluster profiles. In the following section, we discuss potential relationship strategies that 

can be considered for the nature of profiles we obtained in our illustration. While the results 

obtained in our analyses may not be generalized in all cases, the approach can be replicated in 

different settings, along with the matching relationship strategies that can be adopted.     

4.1.3 Developing Relationship Strategies 

As mentioned before, the main advantage of segmentation is to devise manageable strategies 

that can be tailored to suppliers and their current profiles. In addition, segmentation allows 

buying firms to minimize resource utilization in their relationship management due to the 

limited focus and package of relationship strategies they need to develop. These packages can 

be also refreshed as the profiles of their suppliers change overtime. Similar to customer 

relationship management in the downstream, a buying company needs to have appropriate 

strategies to maintain or improve its attractiveness to its upstream suppliers. The concept of 

attraction is originated from social psychology. Attractiveness is future time dimension and can 

be applied to highlight the future expectations and voluntary actions of partners in the 
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development of buyer-supplier relationship (Mortensen, 2012). Rezaei et al. (2015) argued that 

firms can manage the relationship with their suppliers through attractiveness. Attractiveness is 

a company’s interest in exchange with the other business partners, based on the economic and 

social reward results (Halinen, 2012) and access to resources (Rezaei et al., 2015) during the 

relationship.  

Considering drivers of attractiveness suggested by Harris, O'malley, and Patterson 

(2003) and Mortensen, Freytag, and Arlbjørn (2008), Rezaei et al. (2015) recommended three 

drivers of attractiveness between companies: 

1) Economical attractiveness which considers the level of profit, is the volume of the 

business offered to a supplier. 

2) Resource-based attractiveness considers the resource and knowledge that a supplier 

can get from the buyer. 

3) Socially based attractiveness considers the relationship between individuals and 

familiarity between two parties. 

In addition to dyadic relationship properties, network properties of supply network are 

important in defining strategies for relationship with supplier. Hence, a buying company should 

consider bargaining power of its suppliers in the network. Given dyadic and network aspects 

of relationship, the following strategies are suggested based on the illustrative profiles 

generated in the cluster analyses. 

4.1.3.1 Engaging Supplier 

Engaging a supplier by using incentives can increase both the buyer’s attractiveness and 

bargaining power. Incentives such as increasing business volumes, sharing obtained cost 

savings can increase economic attractiveness of the buyer (Harris et al., 2003; Kovacs, Spens, 
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Mortensen, Freytag, & Arlbjørn, 2008). Thus, by increasing the frequency or volume of the 

contracts of a supplier, the buying company increases its economic attractiveness and 

encourage suppliers to improve their performance and have higher potential future value.  

In addition, the importance of a buying company can be increased by raising the 

percentage of supplier`s business with the buyer which results in enhanced eagerness of 

supplier to meet buyer’s needs (Krause & Ellram, 1997). This engagement makes it hard for 

the supplier to terminate the relationship with the buyer (Laaksonen, Pajunen, & Kulmala, 

2008) due to financial reason, resulting in increase in bargaining power of the buyer and 

relationship success (Kannan & Tan, 2006). 

4.1.3.2 Increasing Product Portfolio Size 

Resource-based attractiveness is related to the knowledge and resources that can be transferred 

from the buyer. The product portfolio size represents the supplier capabilities. Investing in 

supplier`s equipment and providing financial support can increase production and innovation 

capabilities (Rezaei et al., 2015). These capabilities can be used by the supplier to meet 

different buyer needs such as products/services or supporting services which consequently 

results in future value in terms of improvement in supplier know-how and performance of 

supplier in helping the buyer to decrease its product time to market. Humphreys, Li, and Chan 

(2004) named increasing supplier performance goals, training or exchange supplier personnel, 

providing equipment and technologies required for improvement, investment in suppliers, 

evaluating and awarding suppliers based on their performance as the ways by which the buyer 

may improve supplier capabilities.  

Moreover, supplier capability improvement is positively related to knowledge transfer 

from buyer to the supplier (Wagner & Krause, 2009). Through knowledge transfer process, a 

firm could access buyer’s sources of knowledge (Grant & Baden‐Fuller, 2004). The knowledge 
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resides in individuals of organizations (Grant, 1996). For knowledge transfer, individual of 

organizations needs to communicate with each other. During these communications, 

companies become more familiar with each other and ultimately, the socially attractiveness of 

the buyer increases. Therefore, engaging supplier in increasing product portfolio size and 

helping them to improve the related capabilities and knowledge, results in increase in buyer`s 

recourse-based attractiveness. 

4.1.3.3 Open and Effective Communication 

Socially based attractiveness refers to the relationship between individuals and familiarity 

between two parties. Attractiveness is more effectively achieved through learning, establishing 

mutual trust, improving connections between firms, building shared information systems, and 

providing multiple channels of communication (Mortensen et al., 2008). Open and frequent 

communication between buyer and supplier personnel is the key approach in motivating 

supplier (Giunipero, 1990). In addition, the lack of visibility on information can cause difficulty 

for partner firms` cooperation due to the unclear understanding of requirements (Wei, Wong, 

& Lai, 2012). Therefore, a buying company can increase its socially based attractiveness by 

having open, and effective communication through multi-channel connections. 

4.1.3.4 Evaluation-based Strategy 

A buying company can raise its attractions through supplier evaluation. Evaluation helps the 

buying company to understand the capabilities and willingness of its suppliers (Krause et al., 

2000; Wouters, van Jarwaarde, & Groen, 2007). In the next step, buyer can reward the suppliers 

with good performance to promote their involvement in the relationship or increase the 

expectations. Since the buyer intends more to work with the suppliers that meet higher 

expectations, suppliers will improve their capabilities continuously. This strategy is efficient 

when the buyer needs to encourage a supplier to increase its capabilities, especially when it 
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emphasises on other aspects than price such as technological or product development 

capabilities to increase portfolio size (Krause & Ellram, 1997). 

4.1.3.5 Bargaining Power Strategy 

Two approaches are suggested for managing suppliers with high power in the supplier 

relationship literature. One approach is increasing the switching costs for a supplier by 

enhancing the level of collaboration or developing cooperative capabilities (Habib, Bastl, & 

Pilbeam, 2015). The strategies suggested above consider this approach. Alternative approach 

seeks for balancing the dependency on the supplier by finding alternatives (Geiger et al., 2012). 

Buying company can purchase from multiple suppliers or improve the capabilities of the other 

supplier for a specific product to make its suppliers enhance their capabilities, and stay 

competitive in terms of factors that are important for the buyer (Rezaei et al., 2015). This 

approach could result in competitiveness between the suppliers and decrease the bargaining 

power of suppliers, which consequently decreases buyer dependency to a supplier that provides 

a specific item. 

Table 4-1 indicates the summary of strategies and their effects in supplier- buyer relationship. 

Table 4-1 : Strategies and Their Effects in Supplier-Buyer Relationship 

  

Increase 

Attractiveness 

Increase 

Buyer Power 

Strategy     

Engaging Supplier ✔ ✔ 

Increasing Product Portfolio Size ✔   

Open and Effective Communication ✔   

Evaluation-Based Strategy ✔   

Bargaining Power Strategy   ✔ 
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4.1.1 Mapping Relationship Strategies with Supplier Segments   

In general, supplier segmentation goal is to form a number of segments to reduce the number 

of strategies that a company needs. In the following, we offer potential strategies that a buying 

company can apply to define its relationship with the different supplier segments identified in 

our illustration. 

4.1.1.1 Relationship Builders 

Relationship builders are the most capable suppliers who have shown highly productive 

relationship with the buyer and will have promising high future value for the firm. These are 

good candidates for becoming strategic partners. However, the characteristics of these suppliers 

make them attractive to other firms as well, hence the buyer should try to keep or develop 

strong relationship with them. In addition, the high bargaining power of these suppliers calls 

specific attention from the buying company. Therefore, buying companies could use strategies 

that increase their attractiveness to these suppliers, while having policy for dealing with 

suppliers’ high bargaining power such as developing alternatives. Alternative suppliers could 

be from new suppliers which show their willingness to develop their relationship.  

4.1.1.2 New Suppliers 

New suppliers are the suppliers that started their relationship recently. They often have single 

product, single channel and low frequent contracts, and most of them had their last contract 

with the buyer within a previous year. These suppliers are mostly low power suppliers, which 

means there are some alternatives for them in the network. This group shows its willingness to 

establish relationship, and their resources are compatible with recent needs of the buyer. 

Consequently, they need more time to build up their connection and align their resources more 

with the buyer expectations and needs. 
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Dwyer, Schurr, and Oh (1987) suggested four interrelated stages in relationship 

development. These stages are awareness, exploration, expansion and commitment. Claycomb 

and Frankwick (2004) explained that after detecting potential suppliers in the awareness stage, 

suppliers are evaluated in terms of contract and product specifications by ordering small orders 

in exploration phase. In expansion stage, buying companies develop the relationship by making 

multiple purchases or long- term contract to obtain benefits, and then in commitment step, both 

parties try to establish and endure stable relationships. 

New suppliers are in the exploration stage and if they indicate that further relationship 

development is worthwhile, they can go to expansion and finally commitment stages. Suppliers 

in this group are good candidate for replacing the suppliers whose performance was not 

satisfying during relationship (e.g., suppliers in the lapsing segment). Therefore, first, 

evaluation-based strategies can be applied for this group, then other type of attractiveness 

strategies will help those that show potential for high value relationship. 

4.1.1.3 Lapsing Suppliers 

Lapsing suppliers are those that are less capable or willing to cooperate with the buying firm, 

and they are primarily related to low contract value relationship with the buying firm. The 

relationship with these suppliers may be terminated by the buyer or at the best, the buyer keeps 

an arm`s length relationship with them. Arm’s length relationship can be made with the 

suppliers whose inputs are essential but not strategic, and the idea of this relationship is 

minimizing dependency on the suppliers and maximizing buyer bargaining power (Dyer et al., 

1998). This method helps buying companies to reduce costs by increasing competition between 

suppliers. Therefore, increasing competition could be suitable for this group. Table 4-2 shows 

the supplier segments and suggested strategies that can be suitable in the relationship 

management.   
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Table 4-2 : Mapping Strategies and Supplier Clusters 

  
Relationship 

Builder 

New 

Supplier 

Lapsing 

Supplier 

Strategy       

Engaging Supplier ✔     

Increasing Product Portfolio Size ✔     

Open and Effective Communication ✔     

Evaluation-Based Strategy ✔ ✔   

Bargaining Power Strategy ✔   ✔ 

 

4.1.2 Predictive Strategies 

Understanding the current profile of the suppliers is not sufficient in the relationship building. 

Buying company also needs strategies for acquiring suppliers with high potential value in 

supply network. In addition, the buying company needs plans for current suppliers and its 

future relationship strategies with them. To achieve these goals, the buyer requires predictive 

strategies.  

4.2   Predictive Modelling (Decision Tree Model) 

Unsupervised exploration testified the existence of different clusters of suppliers in terms of 

the input variables. Also, the use of the supplier value class as post-hoc evaluation field in the 

cluster analysis, indicates the potential for predicting the value class of suppliers with changes 

in their input profiles. This not only helps in constantly assessing current suppliers for dynamic 

relationship, but also in exploring new leads for new relationships in the supplier network.   In 

this section, we demonstrate the use of decision tree-based predictive modelling to project the 

potential class level of suppliers (in terms contract value) using their profiles as inputs. To 

demonstrate this, we need adequate training and prediction datasets. Training dataset was 
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created from contracts history dataset. The C4.5 decision tree algorithm implementation in 

WEKA (i.e., J48) was used for generating prediction model. The aim of the predictive setting 

is to show how effectively the input profiles can project the class value of suppliers for the 

purpose of refreshing (or maintaining) existing relationships as well as acquiring new 

relationships. Although this has been partly shown by the post-hoc examination of the value 

attribute against each cluster generated in the unsupervised setting, the predictive setting will 

allow us to validate this link through data partitioning (Training and Validation) and evaluation 

metrics. We demonstrate this and present the model and results along with various performance 

metrics. 

The target variable in the predictive setting is defined as a binary class variable 

indicating whether a supplier belongs to a high or low overall contract value. Detailed 

explanation on the construction and meaning of this target variable based on prior studies was 

provided in Section 3.3.1.1. Seven variables that were explained in Section 3.3.1 were 

incorporated in the predictive model. A version of Decision Tree C4.5 (i.e., J48) implemented 

in WEKA1 was applied for experimenting and generating a prediction model and results. To 

avoid the problem of overfitting, data partitioning was applied. Since the size of the sample 

was relatively small, 10-fold cross validation with stratified sampling was applied to train and 

test the decision tree model. Cross-validation is a model validation technique for assessing the 

results of a predictive model that can be generalized to an independent dataset. Stratified 

sampling randomly chooses records to create sample subsets while maintaining the initial class 

distribution in the resulting sample data sets. Consequently, 510 suppliers were in the sample, 

 
1 Waikato Environment for Knowledge Analysis (Weka), a free software licensed under the GNU 

General Public License was developed at the University of Waikato, New Zealand.  
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with 50% labelled as high value suppliers and the remaining 50% labelled as low value 

suppliers.  

Table 4-3 shows the accuracy for a K-fold cross-validation runs with K ranging from 2 

to 10. The average and standard deviation of the accuracy for these models are 65.69% and 

0.0093, respectively. The small standard deviation confirms that the accuracy of the model 

does not depend significantly on the number of folds used for data partitioning, thus indicating 

a robust estimation.   

Table 4-3 : Accuracy Rate for K-Fold Cross-Validation (K =2,3,..10) 

K Accuracy 

2 65.29% 

3 67.06% 

4 65.49% 

5 64.71% 

6 65.29% 

7 66.08% 

8 65.10% 

9 64.71% 

10 67.45% 

Mean 65.69% 

Std 0.009283 

 

Table 4-4 shows the confusion matrix for the classification results of K=10. This table 

also depicts the precision and recall for each class. 

Table 4-4 : Confusion Matrix 

  Pred. HV Pred. LV Class Recall 

True HV 155 100 60.8%  

True LV 66 189 74.1%  

Class Precision 70.1%  65.4%   
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In this application, the buying company’s primary interest would be to target high value 

suppliers, thus making the high class level the primary class and the low class level a secondary 

class. Therefore, a high rate of true positive and a low rate of false positive are desirable in the 

classification results. On the other hand, false negative predictions (i.e., high value suppliers 

incorrectly classified as low value) can lead to loss of good suppliers. Recall and precision give 

better understanding of model ability given their cost-sensitive feature.   

From 221 suppliers that were predicted as high value suppliers, 155 actually were high 

value which shows 70.1% precision for high value supplier class, while, from 289 suppliers 

that were predicted as low value suppliers, 189 were predicted accurately, which results in 

65.4% precision for this class. Furthermore, 155 out of 255 high value suppliers and 189 out 

of 255 low value suppliers, were predicted correctly. This results in 60.8% and 74.1% of recall 

for high value and low value classes, respectively. 

To examine the importance of input variables, two measurements were used. The first 

measure is gain ratio and the second one is correlation. As it can be seen in Figure 4-5, the 

attribute frequency is the most important variable, followed by the product portfolio size, 

recency, communication, geographical proximity, bargaining power, and longevity. 
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Figure 4-5 : Importance of Variables  

It is important to examine how a buyer can improve its relationships based on the 

variable importance derived from the classification process. Several models with different 

values of pre-pruning and post-pruning parameters were experimented with. Figure 4-6 

demonstrates a decision tree that was developed for predicting supplier’s potential future value. 

Frequency is the first splitter in this decision tree model which divides suppliers into suppliers 

with low number of contracts and high number of contracts. For suppliers with low frequency 

of contracts, the relationship duration is the next divider. As indicated, suppliers with long 

relationship duration leads to low future value. This leaf of this decision tree can be associated 

with lapsing suppliers that were defined in the unsupervised method’s results. If the buyer 

wants to keep the relationship with the suppliers, strategies such as engaging supplier in the 
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relationship by increasing the number of contracts and encouraging them to increase their 

product portfolio size can turn the suppliers to high future value. Also, the buying firm can 

follow strategies to terminate the relationship if it finds the relationship not worthwhile. 

For new suppliers in this branch of the decision tree model, product portfolio size is the 

next classifier. Supplier with single products will bring low value in future, while multi-product 

suppliers are divided further by the time of their last contracts. If multi-product suppliers have 

at least one contract in the previous year, they will deliver high value to the buyer, otherwise 

they are classified as low value suppliers. Therefore, if the buying firm engages multi-product 

suppliers in its recent contracts, it can expect to receive high future value from them. On the 

other hand, single-product suppliers should be encouraged to increase their product portfolio 

size by involving them in new product development, improving existing product projects or 

investing in suppliers’ resources in future contracts. 

On the other branch of the frequency attribute, suppliers with high number of contracts 

is divided by the product portfolio size. Single-product suppliers are classified by geographical 

proximity. Nearby suppliers are suppliers with future high value, while distant suppliers have 

low future value. Since they are single-product suppliers and high number of contracts are 

needed, the transportation costs could explain that the buyer prefer to engage local suppliers 

by increasing the number of contracts. 
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Figure 4-6 : Decision Tree 
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Suppliers with multi-products in their product portfolio, are divided into established or 

new suppliers in terms of the relationship length. Established suppliers in this splitter are 

classified as suppliers with high future value. This leaf can represent relationship builder 

suppliers. 

New suppliers in this branch are divided in terms of bargaining power. Suppliers with 

low bargaining power are classified as high value suppliers, while suppliers with high 

bargaining power are split by the communication between supplier and the buyer. Suppliers 

with multi channel are classified as high value suppliers, whereas supplier with single channel 

are the ones with low future value. Therefore, strategies that increase the bargaining power of 

the buyer such as increase in competition for these suppliers can encourage suppliers to have 

high future value. For suppliers that may find it difficult to increase the competition due to lack 

of existing alternative, open and effective communication can be applied. 

It is important to note that the above results are more of a roadmap or guideline for 

firms in applying the methods in their own specific operating environments and data. It is 

promising to observe the flexibility and scalability of the methods as firms can easily navigate 

through the profiles of their suppliers in terms of their attributes and consider relationship 

strategies or actions to develop suppliers for higher value relationships. The accuracy and 

relevance of these insights also improves as the availability and quality of data improves in the 

firms’ operating environments. Our conceptual framework provides a more comprehensive   

direction on the relevant attributes (i.e., profile-based and network-based) firms can explore 

for effective application of the methods demonstrated here. 
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Chapter 5  Discussion and Implications 

5.1 Theoretical Implications 

This research contributes to the supplier selection and supplier relationship management 

literature in two important aspects. First, this research enhances supplier relationship by 

proposing a method to predict potential future value of a supplier based on an extended 

relationship value framework. Second, this research demonstrates the application of machine 

learning for dynamic and proactive supplier relationship management practices.  

This study incorporates relationship value, network properties, recency and frequency 

in the assessment of suppliers’ potential for a buying company. Using unsupervised machine 

learning method (i.e., cluster analysis), three meaningful supplier segments were identified 

using real-life supplier network data. In addition, matching strategies based on partner 

attractiveness were suggested to maintain or improve relationship with suppliers in each group. 

Furthermore, a predictive model in the form of classification was demonstrated to extend the 

application of machine learning techniques for proactive decisions such as refreshing existing 

relationships or acquiring potentially high value suppliers from a network. 

The insights obtained from both unsupervised and supervised settings indicate the 

flexibility as well as the power of machine learning techniques for dynamic and proactive 

decision making in supplier relationship management. The insights obtained from the 

segmentation process allows buying companies to achieve efficiency in their resource 

allocation with a clear understanding of their suppliers’ distinct profiles in operationally 

manageable groups.  For example, the cluster results show that suppliers with larger product 

portfolio size and high breadth engagement (i.e. sell across multi contracting agent) are 

primarily linked with higher value to the buyer. As highlighted in prior studies, these profiles 
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are aligned with suppliers that have higher relationship value (Eggert & Ulaga, 2002; Eggert 

et al., 2006; Ulaga & Eggert, 2005, 2006a, 2006b).  

Geographical proximity represents the transportation cost and buyer usually looks for 

nearby suppliers to have lower transportation costs. However, the cluster results show that 

suppliers with high contract values are mostly distant suppliers. One reason can be that 72% of 

the suppliers in this cluster have connection with more than one contracting agent located in 

different provinces. Another reason can result from the high bargaining power of suppliers in 

this cluster. This bargaining power comes from the scarcity of similar suppliers with the same 

resources. Therefore, the buyer has to use these suppliers, even though they are expensive in 

term of transportation costs. However, this research does not consider other cost variables such 

as product costs or supporting service costs. 

Moreover, our results show that the lapsing and relationship builder suppliers are 

distinctly different in terms of the number of contracts and the time of the last contract. 

According to the de Ruyter, Keeling, and Cox (2019), higher frequency and more recent 

contracts result in higher value between buyer and supplier. Therefore, the characteristics of 

these two clusters confirm the importance of engaging suppliers. 

Furthermore, the suppliers with high bargaining power are linked with high value. As 

Casciaro and Piskorski (2005) results shows, developing supplier-buyer relationship increases 

the dependency between partners, and buyer will relay more on distinct resources that this 

supplier provides. Suppliers develop their relationship so that they have higher power over the 

buyer, which may lead to higher value in the future. 
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5.2 Managerial Implications 

This study has a number of implications to the supplier development practices. The main focus 

of supplier development is to find potential suppliers to improve its previous performance and 

future capabilities. The methods demonstrated in this research provide the lens for buying 

companies not only to improve existing relationships, but also identify potentially high value 

relationships in a suppler network based on previous patterns of profiles and value outcome of 

the relationships. 

More specifically, the connection between clusters and the suggested strategies provide 

an important input for buying firms. A buying company can use the suggested strategies to 

enhance the attractiveness of their firm to the suppliers, by considering the cluster profiles. 

This can be a guiding mechanism for managing existing relationships and developing new ones 

dynamically and proactively.  

The future value concept in this study is loosely defined as the total future value that a 

supplier may have for all of its customers in the network. Predictive models such as decision 

trees can indicate the different paths a buying company can navigate to acquire high value 

relationships or enhance existing ones. These predefined paths based input profiles can be used 

as operational or strategic guidelines for future relationship strategies.  

The variables used in this model were extracted from transaction history between buyer 

and supplier. Using these variables helps managers to improve the objectivity of their decisions. 

The methods demonstrated in this study can be adapted to different supplier network 

environments and can also scalable to address the complexity of supplier relationship 

management. More importantly, learning methods (e.g., cluster analysis and decision tree 
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methods) and their performance also improve with continued practices and the expansion of 

high quality data in the supplier network environment.     
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Chapter 6   Conclusion, Limitations and Future Research 

6.1 Conclusion 

Although supplier relationship management is a challenging task in supply chain management, 

researchers have focused their attention on the downstream side (i.e., customer relationship 

management). Moreover, the techniques that have been used in supplier relationship 

management are not scalable to respond to today`s swift changing environment in a complex 

network. Following the literature on customer lifetime value and considering relationship value 

concept and network properties, this thesis attempts to fill in this gap by demonstrating the 

flexibility as well as power of machine learning techniques for generating useful insights to 

support dynamic and proactive strategies for supplier selection and relationship management.  

Cluster analysis and decision tree modeling were used on historical contracts’ data to 

illustrate how exploratory and predictive techniques can be effectively used to manage existing 

supplier relationships and acquire high value suppliers in a network.  

As for theoretical contribution, the proposed conceptual model addresses the limitation 

of existing supplier relationship management. This study paved a way for predicting supplier 

value using objective data from contract history between buyer and suppliers in a network. 

Moreover, this research addressed the supply network properties of suppliers to evaluate 

potential future value of a supplier. As managerial contribution, this study benefits buying 

companies using analytics as a lens for dynamic relationship management. Managers can 

replicate the approaches illustrated in this thesis to tailor their strategies for their unique 

operational environments. Using the results of this research as a guide, managers can segment 

their suppliers and define suitable strategies. By regularly updating supplier profiles, a buyer 

can assess existing relationships and enhance its relationship value. The methods demonstrated 
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in this thesis can be particularly very useful in online e-commerce platforms where entry and 

exit of suppliers occur relatively very fast. 

6.2 Limitations and Future Research 

This study has limitations in three aspects. The problem of data size exists throughout this 

research. 16950 contracts from 1060 suppliers in six years were used. Considering the number 

of suppliers, the data for each supplier is relatively small. In addition, the study duration can 

be more, as some buyer-supplier relationships need longer time to establish their relationship 

and align their capabilities to the buyer needs. Hence, larger dataset covering larger time span 

may result in more effective empirical illustration. 

Another aspect of limitation is associated with methodology. For ease of explanation 

and operational flexibility, this research used decision tree to illustrate the predictive setting. 

Other techniques with higher prediction power such as random forest or support vector machine 

can be applied to enhance prediction power. 

Finally, Pareto principle was used as the criterion for classifying future value of 

suppliers as high or low. However, this is not necessarily the only way to capture the potential 

future value of suppliers; other ways such as supplier ranking can be adopted instead. In 

ranking, the aim is to predict the future rank of suppliers instead of their monetary values.  

Another facet of limitation is about the implementation of the conceptual framework. 

Several variables that are related to performance such as quality and delivery as well as network 

variables such as betweenness were not considered in this research due to the absence of related 

data in the source. Parameters related to these aspects can improve the scope and accuracy of 

the insights obtained in this research. However, our framework can be easily extended as these 

variables become available in different operational settings. 
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Finally, our empirical analysis is limited to one buyer in a contractual environment. The 

unique characteristics of online e-commerce platforms such as the speed of entering and exiting 

suppliers, as well as the large number of suppliers in the network, make this environment an 

ideal candidate for the application of machine learning techniques. Moreover, this research was 

implemented in a contractual environment in which the relationship between buyer and 

supplier, and the supplier’s value is defined in a contract duration. On the other hand, non-

contractual environment is more dynamic and challenging and the uncertainty of buyer-

supplier relationship is higher than contractual one. Therefore, it can be a more promising 

domain for future research. 
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Appendix 

Table A1 : Supplier Selection Literature Review Articles 

Authors Focus 
# reviewed 

articles 

From 

(Year) 

To 

(Year) 

(Chai & Ngai, 2019) Supplier selection 123 2013 2018 

(Rajeev, Pati, Padhi, & 

Govindan, 2017) 

sustainability in supply 

chain management 
190 2000 2015 

(Glock et al., 2017) Supplier development 46   

(Wetzstein et al., 2016) Supplier selection 221 1990 2015 

(Zimmer et al., 2016) 
Sustainable supplier 

management 
143 1997 2014 

(Karsak & Dursun, 

2016) 
Supplier selection  - - - 

(Govindan, Rajendran, 

Sarkis, & Murugesan, 

2015) 

Green supplier 

evaluation/selection  
33 1997 2011 

(Noshad & Awasthi, 

2015) 

Supplier quality 

development 
177 1980 2013 

(Igarashi, de Boer, & 

Fet, 2013) 

Green supplier 

selection 
60 1991 2011 

(Chai et al., 2013) Supplier selection 123 2008 2012 

(Wu & Barnes, 2011) Supplier selection - 2001 2011 

(Ho, Xu, & Dey, 2010) 
Supplier evaluation and 

selection 
78 2000 2008 

(De Boer, Labro, & 

Morlacchi, 2001) 
Supplier selection - - 2000 

(Weber, Current, & 

Benton, 1991)    
Supplier selection 78 - - 
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Table A2 : Criteria of (Dickson, 1966) and Frequencies (Karsak & Dursun, 2016) 

Criteria Frequencies Criteria Frequencies 

Price/cost 130 Flexibility 15 

Quality 126 Management and organization 14 

Delivery 88 Reliability 13 

Service 42 Risk 12 

Technical Capabilities (Technology) 38 Lead time 10 

Production facilities and capacity 31 Performance history 10 

Relationship 22 Product/ Service design 10 

Amount of past business 20 Research and development 10 

Geographical location 20 Training aids 5 

Financial position 18 Manufacturing capabilities 2 

Warranties and claim policies 16 Profitability 1 

Environmental issues 15   

 

Table A3 : The Articles Reviewed Criteria in Supplier Selection Literature 

References # Criteria 

(Karsak & Dursun, 2016) 23 

(Huang & Keskar, 2007) 101 

(Stamm & Golhar, 1993) 13 

(Ellram, 1990)  18 

(Dickson, 1966) 23 
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Table A4 : Customer Lifetime Models Criteria 

Categories Criteria Author(s) 

Direct Price/ 

Cost 

Cost of goods or 

services, or 

contribution/profit 

 

(Berger & Bechwati, 2001; Berger & 

Nasr, 1998; Gupta et al., 2006; Reinartz 

et al., 2005; Venkatesan & Kumar, 2004) 

Switching 

Costs 

Promotion, Retention 

and Acquisition costs 

(Berger & Bechwati, 2001; Berger & 

Nasr, 1998; Borle et al., 2008; Gupta et 

al., 2004; Lewis, 2006; Reinartz et al., 

2005) 

Operation/ 

process Costs 

Order processing, 

handling, shipping 

costs 

(Berger & Nasr, 1998) 

Personal/ 

Social 

Interaction 

Frequency and types 

of contacts (initiated 

by customer of 

supplier) or marketing 

channel 

(Reinartz & Kumar, 2003; Reinartz et al., 

2005; Venkatesan & Kumar, 2004; 

Villanueva et al., 2008) 

Purchase 

behaviour 

Purchase amount 

(Borle et al., 2008; Reinartz & Kumar, 

2003; Reinartz et al., 2005; Venkatesan 

& Kumar, 2004) 

Frequency 
(Borle et al., 2008; Reinartz & Kumar, 

2003; Reinartz et al., 2005) 

Type of Buying 

(Cross or Focused 

buying) 

(Reinartz & Kumar, 2003; Reinartz et al., 

2005; Venkatesan & Kumar, 2004) 

Rate of returning 

product 

(Reinartz & Kumar, 2003; Venkatesan & 

Kumar, 2004) 

Duration of 

relationship with the 

firm 

(Reinartz et al., 2005) 

Demographic 

Population density 
(Reinartz & Kumar, 2003; Venkatesan & 

Kumar, 2004) 

Customer Income 
(Reinartz & Kumar, 2003; Reinartz et al., 

2005) 

Size of customer (if it 

is a firm) 

(Reinartz et al., 2005; Venkatesan & 

Kumar, 2004) 

Industry category 
(Reinartz et al., 2005; Venkatesan & 

Kumar, 2004) 

Network 

properties 

Customer referral and 

influencer behavior 
(Kumar et al., 2010) 

 


