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Customer profiling and assessing the influencers of business-to-business purchase decisions 

can clarify who a company's core customers are and how sales and marketing can be targeted 

effectively. Additionally, segmenting customers when customer transaction records grow or 

when competition intensifies is especially valuable. Such actions can help companies 

analyse and choose key markets and manage sales and marketing.  

This study examines customer profiling with hierarchical clustering methods. Additionally, 

the study deepens into potential purchase decision influencers by using these profiles and 

firmographic information as predictors in logistic regression models.  

The study is a case analysis of a company in the management consulting industry. It aims to 

answer whether the case company's customers can be grouped into distinct customer 

profiles. Moreover, it seeks to answer whether belonging to a specific customer profile or a 

firmographic could be associated with or predict positive purchase decisions of the case 

company's services. 

The study highlights the strengths of hierarchical clustering for segmenting customer 

profiles. The logistic regression is found to have limitations in predicting purchase decisions 

despite varying literature on its effectiveness as a chosen method. By combining these 

methods, valuable insights into customer behaviour can be gained, but further 

methodological refinements are needed to enhance predictive power. 
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Asiakkaiden profilointi ja yritysten välisiin ostopäätöksiin vaikuttavien tekijöiden arviointi 

voi selventää, keitä yrityksen ydinasiakkaat ovat ja miten myyntiä ja markkinointia voidaan 

kohdentaa tehokkaasti. Lisäksi asiakkaiden segmentointi on erityisen arvokasta, kun 

asiakastapahtumien määrä kasvaa tai toimialan kilpailu kiristyy.  

Tässä tutkimuksessa tarkastellaan asiakkaiden profilointia hierarkkisten 

klusterointimenetelmillä. Lisäksi tutkimuksessa arvioidaan mahdollisia ostopäätöksiin 

vaikuttavia tekijöitä käyttämällä klustereita ja firmografisia muuttujia logististen 

regressiomallien ennustajina.  

Tutkimus toteutetaan tapaustutkimuksena liikkeenjohdon konsultointialan yritykselle. 

Tutkimuksen tavoitteena on arvioida, että voidaanko case-yrityksen asiakkaat ryhmitellä 

erillisiksi asiakasprofiileiksi. Lisäksi tutkimus pyrkii vastaamaan siihen, että voiko tiettyyn 

asiakasprofiiliin tai firmografiaan kuuluminen liittyä yrityksen asiakkaiden positiivisiin 

ostopäätöksiin tai ennustaa niitä. 

Tutkimus painottaa hierarkisen klusteroinnin vahvuuksia asiakasprofiilien luomisen 

metodina. Logististen mallien kyky ennustaa ostopäätöksiä on sen sijaan rajoittunutta, 

vaikka aiheen kirjallisuudesta löytyy myös tuloksista risteäviä esimerkkejä. Yhdistämällä 

valitut metodit voidaan saada arvokasta tietoa asiakkaiden käyttäytymisestä, mutta 

ennustevoiman parantamiseksi voi olla aiheellista arvioida myös lisämenetelmiä. 



   

 

   

 

Abbreviations 

 

B2B  Commerce transaction between two businesses (business-to-business). 

B2C  Commerce transaction between a business and a consumer (Business-to-

consumer). 

SME  Small and medium-sized entreprise. 

TP  True positive values in a confusion matrix. 

TN  True negative values in a confusion matrix. 

FP  False positive values in a confusion matrix. 

FN  False positive values in a confusion matrix. 

ROC  Receiver operating characteristic curve. 

AUC  Area under curve value.  

TPR  True positive rate. 

FPR  False positive rate. 

RFM  Recency, Frequency, Monetary model. 

LR Logistic regression. 
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1. Introduction 

In today's competitive business environment, understanding customer behaviour and 

optimizing service offerings is critical for sustained success. Companies that operate in the 

management consulting industry are particularly interested in identifying patterns in client 

purchasing behaviour of consulting services. It is essential to segment customers into 

meaningful groups, analyze the factors driving their purchase decisions, and evaluate how 

consulting services influence client business outcomes. Such activities can help companies 

acquire, retain, and serve customers by maximizing their number and value, thus maintaining 

a successful business. 

 

This study seeks to address these activities by developing a customer segmentation model 

and analysing the drivers of service adoption for a case company. By employing data-driven 

techniques, the research will provide valuable insights into the types of businesses associated 

with purchasing consulting services from a management consulting company. The study is 

done as a case study for a commissioning company from the management consulting 

industry. The data used in the thesis is the case company's anonymized client data as well as 

firmographic data from multiple sources. 

 

The research focuses on two core components. First, customer profiling will be performed 

using clustering methods to group companies based on characteristics such as the service 

purchased, sales agent, and payment type. The aim is to create distinct customer profiles that 

reflect common patterns among the case company’s clients. Once the profiles are 

established, the study will explore purchasing behaviours within each profile using logistic 

regression to determine how firmographic factors can be associated with the purchasing of 

consulting services from the case company. Ultimately, this research offers practical 

recommendations for the commissioning company, enabling them to understand their client 

base better and target specific customer segments more effectively. 
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1.1. Background and purpose of the research 

 

The case company offers several services for various management consulting demands. As 

the range of services has expanded, there has been a growing need to assess which factors 

unite different customers on a general and service-specific level. Furthermore, when the 

factors connecting customers are better understood, the case company needs to evaluate 

potential factors or variables associated with purchasing decisions, which can be linked to a 

specific style of buying behaviour. The company is particularly interested in the possible 

combinations of such variables to create distinct customer profiles and their shared 

connection to the purchase decision. A better understanding of these issues is expected to 

improve the case company's key market selection and sales and marketing management 

practices. 

 

The case company has broadly divided its customers in the past separately according to 

acquired services, sales teams, and payment types. As the number of these variables' 

categories and their alternative combinations has increased, it is important to clarify their 

connections. In addition, the company is interested in how customer companies' 

demographic factors, also known as firmographics (Weinstein, 2004, 61), are linked to 

purchase decisions - is a company of a particular industry, size category or age more likely 

to make a purchase decision than another? Altogether, the case company believes that by 

examining the relationships between their traditional customer segmentation variables and 

how these variables could be associated with purchase decisions, along with firmographics, 

they can ensure the functionality of their current customer profiling methods and assess 

different types of customers' buying behaviour. 

 

Segmenting customers in business-to-business markets can assist companies in several areas 

including dividing customers into separate groups, market analysis, key market selection and 

marketing management (Shapiro & Bonoma, 1984). Especially as a company's customer 

transaction records grow, it becomes essential to divide customers into suitable clusters. 

These clusters should be internally homogeneous and mutually heterogeneous based on 
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specific similarities among the customers from the perspective of market segmentation. 

(Hung and Tsai, 2008; Chang, Huang & Wu, 2010) By targeting specific segments instead 

of the entire market, companies can better deliver value to customers and maximize rewards 

by closely focusing on individual segment or customer profile needs (Seppenwoolde, 2018).  

 

The connections between the case company’s traditional customer profiling variables – 

services offered, sales teams and payment types – can be explored using hierarchical 

clustering. The variables under examination are related to the service theme, the sales team, 

and the payment types the case company utilizes. As these variables are categorical in nature, 

the chosen clustering style must be able to handle multidimensional data without comparing 

the pure distance between data points like many spatial methods. Hierarchical methods, 

which use a dissimilarity matrix as the basis for clustering, are suitable for the situation. (Xu 

& Wunch, 2009, 31) The selected hierarchical clustering methods are single linkage, 

complete linkage and average linkage clustering, which have already been used effectively 

in market segmentation and customer profiling-related studies (i.e. Liu & Chen, 2007; 

Güçdemir & Selim, 2015; Cibulková & Šulc, 2018; Arivazhagan & Vijaiprabhu, 2022). The 

final method is chosen according to which of the three options gives the most reliable and 

effective results in representing reality. 

 

We choose Gower's distance as the clustering distance metric based on the nature of the 

clustering variables and methods. Gower's distance is a versatile metric appropriate for both 

continuous and categorical variables, providing the necessary input for selected methods 

(Teslenko, Sorokiva, Smelyakov & Filipov, 2023; Akay & Yüksel, 2017). Additionally, the 

metric is commonly used in various other studies of customer segmentation (i.e. Teslenko et 

al., 2023; Hattatoğlu, Şeneler, Şahin & Yıldırım, 2019) and it is a common choice with the 

chosen methods (i.e. Akay et al., 2017; Sumbherwal, Hooda, and Vinit, 2023; Vinay, Hanji, 

Jagadeesh, Ramamurthy, Kumar & Krishnamurthy, 2024). How the metric processes 

binomial and categorical information is explained more thoroughly within section 3 of the 

thesis. 
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In addition, the research utilizes logistic regression models, which are used to assess the 

studied variables’ connections to the purchase decisions. Logistic regression is particularly 

suitable for situations where the response variable is binomial or categorical, such as when 

predicting purchase intentions or service use (Peng, Lee & Ingersoll, 2002). Moreover, it is 

relatively common to use logistic regression to predict purchasing decisions and assessing 

factors influencing them (i.e. Yeung & Yee 2011; Yeh & Yan 2010; Gu 2022). As the studied 

phenomenon is indeed binomial and as we want to study the influence and latent connections 

of the clusters and firmographics in the choice of purchasing services, logistic regression can 

offer valuable insights. We will perform a logistic regression for the entire data, in which all 

clusters are included as explanatory variables in addition to firmographics. Additionally, 

separate models are performed in each cluster, to catch potential influences of the studied 

firmographics on purchase decisions in each distinct customer profile.  

 

The research material is collected from the case company's database, which contains 

information about the names of the investigated companies, their purchase decisions, 

individual sales agents and the applied sales strategy. Information is collected about 

companies to whom the case company has sold or offered its services during 2022. Some 

aspects of the data will be anonymized due to its confidential nature. Moreover, the data is 

supplemented with demographic information of the companies from several sources - the 

case company's database, Vainu.io Software Oy's database, and Bureau van Dijk's Orbis 

database. (Vainu.io, 2024; Bureau van Dijk, 2024) 

 

1.2. Research problem, questions and objectives 

 

The case company's main issue is the confusion arising from a diverse customer base 

regarding the relationships between customer profiling variables and how these, along with 

firmographic variables, influence purchasing decisions. Therefore, the primary objective of 

this research is to gain a thorough understanding of the customer base by identifying distinct 

customer profiles and analyzing the variables associated with the adoption of consulting 

services. The research aims to generate actionable insights to help the case company identify 
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key markets and enhance the segmentation of customers as well as sales and marketing 

strategies. The study will address the following areas with research questions to achieve 

these goals.  

 

1. Customer Profiling: 

Can the case company’s customers be grouped into distinct customer profiles? 

I. This question explores whether the case company's clients can be segmented 

into meaningful groups based on characteristics such as the theme of service 

purchased, sales agent and payment type. The goal is to identify distinct 

customer profiles representing typical clients. Based on the size of the case 

company's service portfolio and the number of sales teams and payment 

types, 2-6 clusters are expected depending on the chosen level of the cluster 

hierarchy. 

 

2. Purchase Decision influencers: 

Does belonging to a specific customer profile or a specific firmographic influence 

the purchasing of the case company's consulting services? 

I. This question investigates whether a company's membership in a particular 

customer profile (cluster) influences its decision to purchase consulting 

services. Additionally, we will explore what kinds of other factors, such as 

firmographics, would be significant influencers to the purchase decision 

inside each customer profile. The goal is to examine holistically whether 

different studied variables could be associated with higher service adoption 

and possibly predict it. 

 

1.3. Limitations of the research 

 

The study results should be examined with some noteworthy limitations. Among others, 

errors in data quality can affect the results. Deficient data points and outliers are cleaned 

from the data before analysis, but individual data points may suffer from incorrect 

information. For example, Arndt (2023) questions using the Orbis database as a data source 
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for scientific publications and recommends interpreting the conclusions drawn from the 

database's data only under precisely defined conditions. Shortcomings have been found, 

especially in the data of private and small companies (e.g. Arndt, 2023; Sumikura & ElSabry, 

2020). 

  

On the other hand, the literature discusses ways to improve the reliability of the results if 

Orbis is used (Arndt, 2023). Arndt's (2023) suggestions will be considered later in the data 

description part of the study. In addition, Sumikura et al. (2020) describe Orbis as one of the 

most comprehensive business intelligence databases available. Various scientific 

publications related to business themes list studies where Orbis has been used as a data 

source, i.e. Orbis could be considered at least widely used (e.g. Sumikura et al. 2020; 

Krasnopjorovs & Kovalovs, 2022). Therefore, Orbis could be adequate for this study. The 

use of Vainu.io's database is also rare in scientific publications but possible due to its 

availability for the thesis. Finally, the case company's own data may also suffer from errors. 

Considering the data used, the robustness of this study's results is likely most influenced by 

such values of the variables that are derived from the data sources' estimates rather than 

verified governmental documents. A few examples of such situations were found, for 

example, in the turnover and number of personnel variables of companies used in logistic 

models. Nevertheless, as presented in section 4, where the data used is described in more 

detail, the final sample size is reasonable considering the methods employed. 

 

Additionally, the reliability of the results should be assessed in light of the methods 

employed. As in many studies of the subject area, choosing the appropriate number of 

clusters can prove to be a challenge (Xu et al., 2009, 265). In addition, validating clustering 

visually can be more difficult with hierarchical methods and categorical data than with 

spatial clustering, such as k-means, because clusters cannot be viewed like distance-based 

results with a two- or three-dimensional Cartesian coordinate system. There is a natural risk 

of over- or underfitting, which reduces the validity of the results. However, we use 

dendrograms typical for hierarchical methods, Silhouette score and examination of cluster 

variables' relative frequency distributions to assess the quality of the results. 
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In addition, the logit models may suffer from missing variable bias. The literature on the 

subject has found conflicting information about the influence of demographic factors on 

purchase decisions precisely when the models consider, for example, data related to purchase 

history (Ferber, 1962; Frank, Massy, & Boyd, 1967). On the other hand, results opposing 

this view have also been published (Islam, Meade, Carson, Louviere, & Wang, 2022). The 

literature review provides a detailed examination of the current state of the literature, while 

the analysis of the results assesses the bias of the missing variable more thoroughly. 

Additionally, when examining the overall data, the demographic variables primarily serve 

as controls since the model particularly focuses on understanding the impact of customer 

profile membership on purchasing decisions. Nevertheless, the model may suffer from 

missing variable bias, making the results challenging to generalize. Finally, biased initial 

customer profile clusters could lead to biased regression model results, highlighting the 

necessity of evaluating clustering robustness and quality. 

 

1.4. Structure of the research 

 

The introductory part presents the research and its background, objectives, research 

questions, and content. In addition, we reviewed the limitations that should be taken into 

account in evaluating the research results, data collection, and analysis. 

 

The thesis consists of six sections. After the introduction, we conduct a comprehensive 

literature review. In the review, we evaluate the current state of research in the subject area, 

identify the consensus among existing studies, and outline the research expectations derived 

from the literature. The background of customer data segmentation, profiling, and research 

on predicting purchase decisions will be reviewed in detail. We analyze the key concepts, 

theories, research methodologies, and frameworks of relevant literature and compare them 

to those of the planned study. 
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After reviewing the topic’s literature, we will delve more deeply into the theoretical 

background of the research, where the methodology used and their applicability to the 

researched theme will be reviewed in more detail. Later in the “Data and methodology 

implementation” section, we go through a brief introduction of the data used and the 

variables created. Additionally, the section presents the steps of the analysis and how the 

chosen methods will be implemented. The fifth chapter presents the study's results and 

analysis. The results are compared with each other and analyzed in relation to the research 

questions. The last chapter summarizes the results and the conclusions drawn from them, 

evaluates the reliability and validity of the results, and gives suggestions for practical 

implications and further research. Figure 1 summarizes the structure, including different 

phases of the written thesis as well as handing of the studied data. 

 

 

 

Figure 1: Research structure. 
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2. Literature review 

As competition in an industry increases, a company from that industry must identify and 

retain potential valuable customers. (Chang, Huang, Wu & Lu, 2007; Chiliya, Herbst & 

Roberts-Lombard, 2009). A company should tailor its marketing strategies to meet diverse 

customer needs by allocating resources to customer identification and retention. (Huang, 

Chang & Wu 2009). Profiling customers into separate groups and studying factors 

influencing purchasing behaviour can help to achieve these goals. This literature review 

synthesizes existing studies on customer profiling and purchase decision modelling, 

providing a foundation for the research. 

 

2.1. Literature on customer profiling via clustering 

 

Different clustering linkage methods, such as K-means clustering, are commonly used in the 

field to group customers into segments based on their characteristics (f.e., Syakur, Khotimah, 

Rochman & Satoto 2018; Augustino, Harsemadi & Budaya 2022). Clustering is popularly 

used to find the most valuable customer profiles in extensive data. Such studies usually use 

the Recency, Frequency, Monetary (RFM) model as a theoretical framework (e.g. Syakur et 

al. 2018; Agustino et al. 2022). In RFM, for each attribute (recency, frequency, and monetary 

value), customers are given a Likert scale score from 1 (lowest) to 5 (best) based on their 

observed purchasing behaviour. However, the framework has some disadvantages. RFM 

provides only little meaningful scoring when most customers buy infrequently. As a result, 

it overlooks the analysis of new firms establishing themselves quickly and customers who 

make one-time purchases with small orders. (Lin & Wu, 2010) Furthermore, RFM is centred 

on existing customers and cannot be utilized to prospect new customers, as marketers lack 

transaction data for prospects. (McCarty and Hastak, 2007). Moreover, RFM estimates a 

single response model for all customers, assuming a homogeneous customer database. 

However, this assumption often contradicts reality, as customers can exhibit considerable 

heterogeneity. (Suh, Noh & Suh, 1999). 
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RFM has a partial bearing on the number of purchase decisions through the frequency 

dimension, but other dimensions can eat the weight of the frequency in final evaluations. In 

addition, it does not directly tell what kind of customer is more likely to make a positive 

purchase decision when there is no purchase history, and on the other hand, why one 

customer would make a positive decision and another a negative one in the same segment. 

In addition, RFM-based predictions are limited by the fact that the three-dimensional system 

is isolated from other data resources (e.g. demographics). By focusing on only one 

dimension of the model with a different method, such as logistic regression, improving the 

results compared to the RFM framework for forecasting is possible. (Yang, 2004) 

 

Other customer segmentation frameworks have also been made, which rely less on customer 

value and also use other potential segmentation variables introduced in section 3.1. Wind 

and Cardozo (1974) propose a two-stage micro-macro model, where marketers first develop 

macrosegments and subsequently microsegments based on customer needs. Bonoma and 

Shapiro (1984) created a model describing market segmentation practices as a nested 

approach, where marketers divide their buyers into groups from the outside in. Since the 

markets of many sectors can differ significantly, different customer profiling strategies can 

often be based on different logic, even though they aim to solve similar issues. For example, 

the frameworks of Wind et al. (1974) and Bonoma et al. (1984) are primarily intended for 

industrial B2B marketing and sales. 

 

This research takes a different perspective compared to the typical RFM framework as we 

investigate whether it is possible to cluster customer profiles based on the purchased service 

theme, sales agent information, and payment type. Although recency, frequency, and 

monetary value offer a comprehensive approach to customer profiling, they do not directly 

take a position on the behavioural information examined in this study. We argue that such 

variables may significantly influence potential customer profiles, and as the data is already 

available, it is easy to test.  
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In addition, for example, the nested model of Bonoma et al. (1984) contains very similar 

elements to this study. In their model, segmentation should be approached through five 

categories in the following order: demographic factors, functional variables, purchasing 

practices, situational factors, and the last and most challenging to obtain data, personal 

characteristics of buyers. According to them, the nested approach should not be applied in a 

formulaic way but should be adapted to each company's individual circumstances and needs. 

This means that the company must understand the requirements of each segment and choose 

the segmentation criteria that best match its products and marketing strategies. (Bonoma et 

al., 1984) Following their logic, the profiling variables of this study have also been selected, 

as they are essential metrics for the case company. Additionally, the case company can test 

their key assumptions of the groupings of the chosen clustering variables with the methods 

chosen. 

 

The selected variables also largely follow Bonoma et al. (1984) named levels – service theme 

belongs to the operating variables level, payment type to the Purchasing practices level and 

sales agent to the situational factors level. In addition, the most general level, i.e. 

demographics, is introduced into the research with the help of later logistic models to form 

a comprehensive way to implement their nested approach strategy. In practice, Bonoma et 

al. (1984) also named the service theme as one of the suitable variables for the level of 

operating variables. Especially when segmentation can otherwise be tricky, the obvious way 

to divide customers into distinct groups would be to segment a market by product use. 

According to them, users of a particular product generally have some characteristics in 

common, but at the very least, they have a shared experience with a product. (Bonoma et al. 

(1984) 

 

The two other selected clustering variables have also been utilized in customer segmentation 

research. For example, Primawati, Verdian and Nurcahyo (2021) and Olukayode (2024) 

study the differences between individual sales agents. Primawati et al. (2021) explain the 

value of a case company's customers through individual sales agents and examine sales 

agents in the context of distribution companies. On the other hand, Olukayode (2024) 
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categorizes B2B sales professionals from various fields into distinct groups based on their 

selling processes and activities through hierarchical clustering (Ward's method) and non-

hierarchical clustering (K-means method). As Primawati et al. (2021), we study the 

differences between different sales agents and the connection to purchase decisions but with 

the help of logistic models. On the other hand, like Olukayode (2024), we divide the sales 

agents into groups based on their selling process and activities, but also according to the 

teams named by the case company.  

 

Finally, different payment methods and types have also been utilized in customer 

segmentation. For example, Moedjiono, Fransisca and Kusdaryono (2016) investigate 

customers' ability to pay by segmenting customers with a k-means algorithm according to 

customer payment behaviour. On the other hand, Cardielo, Figueira, and Costa (2017) 

investigated fraud detection by classifying customers with support vector machines, logistic 

regression, and random forest methods using payment type and demographic factors as 

studied variables, among others. Albeit in contrast to these studies, this research defines 

payment types based on the alternative payment methods available for the case company's 

services. Here, the definition of payment type varies according to who ultimately pays for 

the service rather than being determined by the concretely chosen payment method (as with 

Moedjinio et al., 2016) or the timing of the payment (as with Cardielo et al., 2017). 

 

2.2. Factors influencing purchase decisions 

 

The use of management consultants has generally increased steadily in recent decades (Werr 

& Pemer, 2005; Pemer & Skølsvik, 2012; Statista, 2024). Research in the field and the 

number of scientific publications have also increased. Most of the research is empirical and 

usually carried out as case studies, interviews, surveys, regressions, or other methods. The 

most common unit of analysis in the field is the consultants themselves instead of the clients. 

(Cerruti, Tavoletti & Grieco, 2019) In many organizations, management consultants have 

become part of the everyday life (Werr et al., 2005). With the growth of the field and its 

research, it is natural to assume that the factors affecting management consulting services' 
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purchase decisions have also been studied. Good examples of this include the publications 

of Werr et al. (2005), Bäcklund and Werr (2008), Pemer et al. (2012) and Lonsdale, Hoque, 

Kirkpatrick and Sanderson (2017). 

 

Purchasing and managing management consulting services can be complex and have 

significant financial and strategic implications. These services often come with high costs, 

and consultants are typically brought in during crucial situations where the potential impacts 

of failure can be significant. (Mitchell, 1994) The purchase of management consulting has 

traditionally occurred without the involvement of dedicated purchasing professionals, 

relying instead on discussions between the consultant and the client's management. 

(Smeltzer & Ogden, 2002; Schiele, 2005). Managers often consider themselves experts in 

purchasing consulting services and believe that personal involvement is essential, as the 

relationships between managers and consultants play an important role. (Smeltzer & Ogden, 

2002). However, recent literature indicates a shift in trends, particularly regarding the 

involvement of a third party—a separate buyer representing the customer. This change has 

influenced various factors that determine the purchase process of services. For example, 

according to Bäcklund et al. (2008) client managers do traditionally emphasize the 

relationship with the consultants when making the final decision of acquiring consulting 

services, while separate purchasers tend to apply a more transactional logic and prefer a 

formal client-service provider relationship.  

 

Van Rossem (2021) lists the differences in the procurement process and the factors affecting 

the purchase decision of management consulting services, especially between large and 

small and medium-size (SME) companies. In their research, both large and small companies 

feel that the expertise and knowledge required to deliver satisfactory results, and the quality 

of the acquired service are important buying factors. Instead, the difference in the 

procurement decision includes that small companies require more industry-specific expertise 

than large ones; in contrast, large companies require broader expertise. Small companies 

value the specialization of a consulting company more, while large ones value the size of the 

overall service selection of a given consultant. In addition, small companies value more 
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personal relationships, while large companies prefer more formal relationships. When the 

companies make final purchase decisions, small companies emphasize how the results are 

rendered, while large companies emphasize added value. Finally, small companies give less 

weight to the consultant's reputation and references. In contrast, large companies value the 

consultant's reputation and financial situation more. Lastly, price is a significant factor in the 

purchase decision for small companies but not as much for large companies. (Van Rossem, 

2021) 

 

Numerous studies highlight the importance of a consultant's likability, confidence, body 

language, and chemistry in the client-consultant relationship. Additionally, shared values 

between the consultant and client, along with the client's comfort level with the consultant, 

are significant soft factors in the decision-making process. These elements play a crucial role 

in measuring the consultant's reliability and commitment, which can ultimately influence the 

client's purchasing decision. The measurement of commitment usually also leads to 

assessing primarily soft criteria such as the enthusiasm and responsiveness of the consultant 

during the purchase process (Day & Barksdale, 2003). However, most of the literature 

emphasizes so-called hard factors - such as competence, reputation, differences from 

competitors and knowledge of the procurement theme (Poulfelt & Payne, 1994; Sonmez & 

Moorhouse, 2010). As Van Rossem (2021) also lists, these criteria affect the purchase 

decisions of both large and small companies. As a whole, subjective likeability and the 

corresponding soft factors are likely to be emphasized only after the consultant's 

competence, abilities, and know-how are competitive and proven when a client is planning 

a purchase of services. 

 

This study does not take a direct stance on the factors highlighted by previous industry 

research when assessing the factors affecting purchase decisions.  However, if these factors 

are considered to be the primary drivers of such decisions, and if certain demographic 

elements are significantly correlated with purchase behaviour, it could be argued that 

specific consulting services offered by the case company generally meet the competence 

level required by that demographic group more effectively than others.  Additionally, it may 
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suggest that a particular demographic group perceives the soft skills of the case company's 

consultants more favourably than other groups.  However, we do include the price of 

consulting services in the analysis, which has been a significant factor affecting the purchase 

decisions of SMEs (Van Rossem, 2021).  In addition, since most of the studied companies 

meet the definition of an SME, a higher price can be expected to negatively affect the 

purchase decision following Van Rossem's (2021) study. 

 

In general, the effects of demographic factors on general purchase decisions, purchase 

intentions, and customer acquisition have been studied extensively for a long time.  Example 

publications can be found mainly in the Business-to-consumer (B2C) market (i.e. Zwick, 

1957; Bawa & Shoemaker, 1989; Dong, Manchanda & Chintaqunta, 2009), but also in the 

business-to-business (B2B) market (i.e. Brown, Zablah, Bellenger & Donthu 2012; Paulssen 

& Brik, 2007; Pozza, Goez & Sahut, 2018).  Demographic variables studied in the B2B 

market have included company size, industry, the purchaser's role in the decision-making 

unit, location and other company characteristics (Pozza et al., 2018; Wu, Andreev, 

Benyoucef & Hood, 2024; Van Rossem, 2021; Dobrucah, 2019).  However, it must be 

pointed out that research on the B2C side often seems to be more straightforward than on 

the B2B side, where demographic factors are often less emphasized and considered among 

other factors (i.e. Van Rossem, 2021) or used as control variables (i.e. Pozza et al., 2018; 

Brown et al., 2012). 

 

Demographic factors are often used to classify customers, and this classification typically 

aims to enhance the targeting of sales and marketing efforts. Therefore, it is reasonable to 

assume that demographic factors may sometimes seem to significantly influence purchase 

decisions, particularly if the actual drivers of these decisions (i.e. Van Rossem, 2021) are 

not considered. This is important to take into account when interpreting the results. For 

example, if companies in a certain industry buy the case company's service more than others, 

belonging to the industry itself is not necessarily the reason for the purchase decision but 

only a factor that unites several buyers. The same applies to the size, age, and other 

demographic factors of the companies investigated. 
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On the other hand, some B2C market studies claim that some demographic factors are truly 

associated with purchase decisions (i.e. Zwick, 1957; Bawa et al., 1989; Dong, et al., 2009) 

while consumer products are usually bought to fulfil a basic need and not directly because 

of, for example, a consumer's gender, education level or age. Nonetheless, it is fair to assume 

certain demographic factors, such as gender or age, may strongly correlate with purchase 

decisions if the studied product is focused to a specific demographic. The same phenomenon 

can also be valid on the B2B side.  

 

2.3. Using logistic regression to understand purchasing behaviour 

 

Moreover, it is relatively common to use logistic regression to predict purchasing decisions 

and assessing factors influencing them (i.e. Yeung & Yee 2011; Yeh & Yan 2010; Gu 2022), 

particularly when the outcome is binary, such as whether a customer will make a purchase. 

Overall, evaluating correlating factors of purchase decisions is a critical component of 

understanding customer behaviour. Additionally, logistic models are often used in 

comparison or in combination with other methods, such as artificial neural networks and 

support vector machines, to achieve better results in predicting purchase decisions. (Gan, 

Limsombunchao, Clemes & Weng 2005; Hu, Yang, Zhu & Chen 2020; Islam et al., 2022)  

 

Yet a commonly observed empirical finding, particularly in the B2C market, is that when 

researchers already have access to data on individuals' prior purchasing behaviour, 

incorporating demographic information tends to add only marginal value in enhancing the 

predictive accuracy of the models (e.g., Ferber, 1962; Frank et al., 1967; Gupta & 

Chintagunta, 1994; Twedt, 1964). Islam et al. (2022) do, however, challenge the point of 

view. They suggest that a well-known counter-example is the case of entirely new products 

for which information on past purchases in the category is unavailable. They also question 

the underlying behavioural sequence and model selection of previous studies. They claim 



   

 

   

 

17 

that demographic data can have robust predictive power in purchasing decisions if implied 

with correct methods. (Islam et al., 2022) 

 

In this study, the regression models will mainly use company demographic variables, but 

also the made clusters and the price of services as regressors. As the case company typically 

provides one-time services, there is not enough information about past purchase data to draw 

generalizable conclusions, so such a variable is not considered in the models. However, this 

should be considered in the limitations of the results if demographic factors are seen to have 

a statistically significant effect on the purchase decision in the first place. 
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3. Theoretical background & Methodology description 

 

In the following section, we present the study's theoretical background and chosen 

methodology, which serve as the basis for the empirical part of the study. The theoretical 

background works as a framework for the whole thesis, as it is essential for a more thorough 

understanding of the fundamental issues and purpose of the research. This study's theoretical 

framework and methodology consist of customer segmentation theory, clustering methods, 

and logistic regression methods. In addition to presenting the selected methods, we evaluate 

their applicability to the studied phenomenon and, on the other hand, use them to set a more 

precise scope for the research content. 

 

 

3.1. Segmentation-based customer profiling 

 

Segmentation-based customer profiling means using the results of customer segmentation to 

create profiles of the types of customers in each segment. Overall, market segmentation 

means describing the market by dividing groups of customers into smaller parts (Jonker, 

Piersma, Van Den Poel, 2004). Segmentation is based on identifying different characteristics 

connecting diverse data points, according to which the data types can be divided. In business, 

especially in customer data research, segmentation has a similar definition compared to 

clustering data analysis methods. The goal is to maximize homogeneity within segments 

while maximizing heterogeneity between them. This means that the data within a single 

segment should be as similar as possible, while the data in different segments should be 

distinct (Jonker et al., 2004). The segmentation theory was pioneered by several key figures, 

including Smith (1956), who emphasized it as a new marketing approach separate from 

product differentiation. Yankelovich (1964) contributed further by introducing a dimension 

beyond demographic and geographic segmentation, focusing on customers' values, beliefs, 

and attitudes.  
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As the concept developed, it was essential to distinguish segmentation from product 

differentiation, which refers to the differentiation of a single product from the competing 

offering (Smith, 1956). Whereas product differentiation is based on developing a product 

limited to customers with distinct preferences, segmentation helps to find and define those 

preferences and target product marketing and sales accordingly. For example, Smith (1956) 

defines product differentiation as bending demand to the will of supply - by changing a 

supplier's product or its characteristics, the demand curve is also assumed to change. Instead, 

segmentation helps to communicate the offered supply according to the will of the demand, 

based on identifying a market for which the supply is best suited. Segmentation has a 

dispersive effect on customer profiling and aims to identify several types of demand, 

especially when only one generalized type is previously recognized. Market segmentation 

began to be increasingly acknowledged, particularly when companies addressed business 

challenges through marketing programs and product policies that generalized the market. In 

these cases, product differentiation often failed to meet its objectives, and neglecting the 

reality of distinct market segments caused a loss of market position. (Smith, 1956) 

 

Both concepts require heterogeneous demand and can create competitive situations with 

imperfect and monopolistic characteristics for a single supplier. Product differentiation and 

segmentation often go hand in hand and support each other. The development of the 

segmentation theory has enabled companies to find new markets by targeting various 

marketing measures and advertising to such customer groups (segments), where the demand 

is considered the most significant. Today, segmentation is famously used in marketing to 

find the best target audiences and develop marketing communications (Kotler & Keller, 

2009). 

 

Market segmentation-based customer grouping (or profiling) is a well-established technique 

in marketing and customer relationship management. Previous studies highlight that 

effective customer segmentation can enhance marketing strategies, improve customer 

retention, and streamline service offerings (Dibb & Simkin, 2008). Further, Dolnicar, Grün, 

and Leisch (2018) argue that customer profiling allows businesses to better align their 
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offerings with customer needs by distinguishing between different customer types based on 

multiple kinds of empirical data. The process can be straightforward and based only on 

simple dummy variables (so-called commonsense market segmentation) or more complex 

and data-driven. However, Allenby, Arora and Ginter (1998) stated that no exact segmenting 

variables exist for complete market segmentation. Contrarily, Kotler & Keller (2012) stated 

that customers could still be categorized effectively using customer characteristics and 

behavioural variables. Dolnicar et al. (2018) continue this view by stating that the profiling 

of customers can be based on either geographic, socio-demographic, psychographic and 

behavioural segmentation.  

 

Additionally, the premises for customer profiling usually differ. A large B2B market may 

include tens or hundreds of potential customers, whereas, in B2C markets, it's not uncommon 

to have a market consisting of thousands or millions of potential consumers (Prasetya et al., 

2022). Although in SME companies that employ only a few people, consumer-like 

characteristics could still affect purchase decisions as the complexity of decision-making 

processes shouldn't be affected by large organizational hierarchy. Also, in newly established 

companies, such processes may not be as well-defined as in older and more experienced 

companies. In this case, purchase decision-making similar to that of consumers may be more 

familiar to a new entrepreneur. Pressey, Winklhofer and Tzokas (2009) have found evidence 

indicating such a phenomenon. In their study, SME companies' purchasing formality was 

generally low, with limited evidence of purchasing being employed strategically and many 

firms not undertaking formal supplier evaluations (Pressey et al. 2009). 

 

Prasetya et al. (2022) state that a priori segmentation is the most direct approach to 

conducting B2B segmentation using schema classification based on publicly available 

information. Yet, they argue that a priori segmentation may only sometimes be optimal since 

companies from the same industry and the same size category may still have differing needs. 

They suggest that segmentation by need is a more robust method, as it is based on customers 

differentiated and validated drivers (needs) for the specific product or service offered. 

(Prasetya et al., 2022) Lastly, Prasetya et al. (2022) introduces value-based segmentation 
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which differentiates customers based on their economic and strategic value, and group 

customers with the same level of value into individual segments that can be targeted. 

 

Responding to the case company's needs defined in the introduction section, we consider 

customer companies’ demographic and need-based segmentation factors but limit possible 

value-based variables out of examination. The clustering of customer profiles will be based 

on segmentation by need, while the connection of demographic factors on purchase 

decisions will be examined with logistic regression. Table 1 (adapted from Prasetya et al., 

2022) illustrates potential segmentation factors in the B2B market. The factors are divided 

into four subgroups depending on their reliance on experience. Furthermore, the figure 

demonstrates the purpose for such subgroups, which are typically utilized to segment 

customers based on the ability to identify them, tactical marketing or sales choices, or for 

more strategic objectives. 

 

 

Table 1: Segmentation in the B2B market, adapted from Prasetya et al. (2022) 
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3.2. Clustering of customer profiles 

 

Clustering is a process that divides data objects, such as patterns, entities, instances, 

observances, units, into different groups or clusters. The division is based on automated 

classification, where similar homogeneous observations form their subgroup differing from 

other subgroups.  (e.g. Xu & Wunsch 2009, 1; Han, Kamber & Pei 2011, 444; Rajan 2013, 

53).  As market segmentation typically involves dividing a market with diverse customers 

into subgroups with the same characteristics, it could be viewed as a type of clustering 

exercise. However, clustering should be noted as a broader research method in data analytics 

that focuses on grouping similarly heterogeneous data. As such, clustering refers to a more 

general data segmentation that can be implemented in many fields (Han et al. 2011). Specific 

clustering methods can be an effective way to perform market segmentation and will also be 

used in this study.  

 

Even though clustering is a well-known and widely used research method, there is no 

universally agreed-upon definition of the term "cluster" (Everitt, Landau, Leese, & Stahl, 

2011, 7). However, different definitions are united by the importance of internal 

homogeneity and external separation (Xu et al., 2009, 4). Clustering is a typical example of 

unsupervised machine learning, where the clustering algorithm concludes the boundary 

values of the cluster distribution, which are not defined for it in advance (Xu et al., 2009, 2). 

Clustering is suitable as an independent tool for processing and classifying data in many 

cases. However, it can also prepare data for another analysis method or an algorithm. 

Clustering can sometimes also be used to identify outliers, to search for values that are "far 

away" from otherwise well-clustered data. Clustering is an essential option, especially when 

the amount of data to be analyzed is large. In this case, manual human-made classification 

alone can be costly and infeasible. In addition, by visualizing clusters, it is possible to 

observe similarities within subgroups that would otherwise be difficult to interpret from raw 

data. (Han et al. 2011, 443-445) 
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The use of clustering as a research method began to become more common in the 1940s 

after the publications of Driver and Krober's (1932) anthropological studies and Zubin's 

(1938) and Tryon's (1939) psychological studies. Among others, Berry and Linoff (1998) 

applied clustering methods, especially in business and customer segmentation. Today, 

clustering is used in many scientific fields. Xu et al. (2009, 8-9) mention multiple use cases 

in engineering, computer science, medical science, geography, social sciences and 

economics, where clustering is used broadly. In business, clustering is used for example in 

business intelligence, web search algorithms, Big Data analysis and sensor data analysis. 

Some practical applications include customer segmentation, image recognition, security 

related applications and housing pricing analysis, among others. (Han et al. 2011; Hass, 

Simon & Kashef, 2020)  

 

Different clustering structures can be divided into subcategories depending on the data being 

processed and the reasons for clustering. The categorization of clustering methods into 

different structures can be difficult as some structures may overlap so that a method may 

have features from several structure categories (Han et al. 2011, 448). As such, multiple 

publications present different ways of dividing clustering methods (e.g. Ezugwu, Ikotun, 

Oyelade, Abualigah, Agushaka, Eke & Akinyelu, 2022; Han et al. 2011, 448-450; Hass et 

al., 2020), but usually at least the most common categories presented include different 

partitional and hierarchical clustering structures. Other categories include density-based and 

grid-based clustering methods, which Hass et al. (2020) generalize belonging to spatial, i.e., 

distance-measuring clustering methods together with partitional clustering and various 

model-based and hybrid clustering structures. Some common clustering structure categories 

and linkage methods are presented in the figure below (figure 2).  
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Figure 2: Clustering structures and various clustering methods. Adapted from Hass et al. 

(2020) and complemented with Han et al. (2011), and Ezugwu et al. (2022). 

 

3.2.1. Hierarchical clustering 

 

Compared to partitional and other spatial clustering styles, which divides data into a 

prespecified number or clusters, hierarchical clustering groups data with a sequence of 

nested partitions. This means each cluster has an internal structure that can be further 

clustered into smaller subclusters until the cluster encloses only one or perfectly similar data 

points. The nested partitions form a hierarchical tree structure, where each level divides the 

clusters of the previous level into even finer groups. (Xu et al., 2009, 31) Hierarchical 

clustering can start from one cluster, divided into new smaller clusters (so-called divisive 

clustering), or from singleton clusters combined and simplified into larger clusters as the 

levels increase (agglomerative clustering) (Ezugwu et al., 2022).  

 

Xu et al. (2009, 4-5) present a mathematical expression of hierarchical clustering, based on 

the work of Hansen and Jaumard (1997). Given a set of data 𝑋 = {𝑥1, … , 𝑥𝑗 ,   … ,  𝑥𝑁} where 

𝑥𝑗   =  (𝑥𝑗1,  𝑥𝑗2,   …  ,  𝑥𝑗𝑑)  ∈  𝑅𝑑 with each measure 𝑥𝑗𝑖 representing an individual data 
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point’s attributes, the nested partition structure of hierarchical clustering can be described 

mathematically as: 

𝐻  =  {𝐻1,   …  ,  𝐻𝑄} (𝑄  ≤  𝑁) 

where H is the result of hierarchical clustering, including a set of a tree-like structure 

{𝐻1,   …  ,  𝐻𝑄} where clusters are formed. In the 𝐻𝑖 index, a lower 𝑖 number refers to higher 

(more general) cluster levels and a higher number to lower (more specialized) levels, and 

𝑄 to the potential total number of cluster levels in the structure. 𝑄 can be at most equal to 

𝑁,  which is the total number of original data points in the data set 𝑋.  Then 

1. 𝐶𝑖   ∈  𝐻𝑚,  𝐶𝑗  ∈  𝐻𝑙, and assuming 𝑚  >  𝑙 , 

2.  𝐶𝑖   ⊂  𝐶𝑗 or 

3.  𝐶𝑖  ∩  𝐶𝑗 = 𝜙  for all 𝑖,   𝑗  ≠ 𝑖,  𝑚,  𝑙  =  1,   …  ,  𝑄. 

(1) Each cluster C in the hierarchical structure corresponds to a specific level H within the 

hierarchy, for example cluster 𝐶𝑖 belongs to the level 𝐻𝑚 and 𝐶𝑗 belongs to 𝐻𝑙, respectively. 

Also, assuming 𝑚  >  𝑙  so 𝐻𝑚 is a higher (more general) level than 𝐻𝑙, (2) a cluster at a 

lower level 𝐶𝑖 is either entirely contained within the cluster at the higher level 𝐶𝑗 or (3) the 

two clusters do not overlap at all, meaning they share no common elements, and the 

conditions are applied to the entire data set and to the comparison of all possible cluster 

pairs. (Xu et al., 2009, 4-5) Examples of hierarchical clustering methods include single, 

complete, and average linkage clustering methods (Xu et al., 2009, 60). 

 

3.2.2. Determining the similarity between data points 

 

Main clustering algorithms typically operate on either data matrix or dissimilarity matrix 

structures, described as 𝑁  ×  𝑑 patterns by Xu et al. (2009, 15). The matrix structured of 

rows and columns, represents the entire dataset. Each row corresponds to an individual data 

object or multidimensional vector (N) consisting of various object attributes. Meanwhile, 

each column d represents a specific feature or characteristic of the data object. (Xu et al. 
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2009, 15) On the other hand, a dissimilarity matrix is a derived matrix that contains 

calculated measures of dissimilarity (or distance) between pairs of data objects. Each entry 

in the matrix represents the distance between two data objects, with rows and columns 

corresponding to the objects being compared. (Han et al. 2011, 68) 

 

Clustering algorithms cluster data points inside these matrices using a certain distance 

metrics or similarity measures (Keany, 2021).  A similarity measure quantifies the 

resemblance between two objects, 𝑖 and 𝑗 , and will typically return the value 0 if the objects 

are unalike. A value of 1 typically indicates complete similarity. The higher the similarity 

value, the greater the similarity between objects. A dissimilarity measure works the opposite 

way. (Han et al. 2011, 67) An example of a similarity measure is Jaccard's index (Hwang, 

Yang & Hung, 2018). Han et al. (2011) suggest that similarity and dissimilarity measures 

are often called proximity measures. However, when similarity can be represented using a 

scale beyond just zero and one, this typically implies the use of various distance metrics. 

The distance is a numerical measurement of how far or close to each other the data points 

are (Filaire, 2018). Various distance metrics include Euclidean distance, Manhattan distance 

and Minkowski distance. (Thant & Soe, 2020) The selected metric is applied in the chosen 

clustering method, where distance metrics or similarity measures quantify the difference of 

data points according to the chosen metric formula and where the selected method 

determines which data points are compared. 

 

Different clustering methods can utilize different similarity measures and distance metrics 

but with varying conditions. Many similarity measures and distance metrics only work with 

a particular type of data – for example, Euclidean distance requires the use of continuous 

variables (Xu et al., 2009, 29). As specific clustering methods are limited to certain similarity 

measures and distance metrics, they inherit the conditions of those measures. For example, 

the most well-known clustering method, K-means, can use Euclidean distance as a distance 

measure between different data points but not Jaccard's index because the method is based 

on the distance between data points. However, different versions of such methods do offer 

some flexibility in the selection process of the used metric or measure. 
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Additionally, the real-world datasets often consist of "mixed data", meaning they contain 

different types of variables (D’Orazio, 2021; Akay et al., 2017). Some methods, such as 

hierarchical clustering methods, do not assume continuous variables. As the studied 

clustering variables are categorical, such methods should be used over other methods that 

do assume continuity. In addition, an example of a possible distance metric that allows the 

calculation of both continuous and categorical variables, would be the Gower’s distance. 

The Gower’s distance can be applied to dataset including both quantitative and qualitative 

variables. (Tuerhong & Seoung, 2013) 

 

3.2.3. The chosen methods and distance metrics 

 

The hierarchical clustering methods chosen in this study are single linkage, complete 

linkage, and average linkage clustering. Among others, Liu and Chen (2007), Güçdemir and 

Selim (2015), Cibulková and Šulc (2018), and Arivazhagan and Vijaiprabhu (2022) have 

used these methods in their market segmentation and customer profiling related studies. The 

use of multiple models is justified because this approach avoids assumptions about which 

model is best suited for the data under study. We will choose the final method by assessing 

the reliability and effectiveness of the results from different methods in representing reality. 

Additionally, we will evaluate how these results align with the analysis objectives. 

 

In the single linkage method, the distance between clusters is defined as the minimum 

distance between any two points, where one point belongs to a different cluster than the 

other. When combining clusters, the clusters with the closest points are always selected. The 

method is sensitive to outliers, as individual points may connect clusters with noise around 

them. (Xu et al., 2009, 34) In addition, the method tends to form long, chain-like clusters 

(Everitt et al., 2011, 79). In some contexts, the corresponding chaining effect may be 

desirable. Still, it may also limit the interpretability of clusters and make it difficult to choose 
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the number of clusters, but it works well with non-compact structures (Morbieu, 2019). 

When clusters are merged, the formula for single linkage clustering works as follows: 

𝐷(𝐴, 𝐵) = min{𝐷(𝑎, 𝑏) ∶  𝑎 ∈ 𝐴, 𝑏 ∈ 𝐵} 

Where D is the chosen distance function and  𝐴 is a cluster merged by the rule of minimal 

distance to cluster 𝐵. Data point 𝑎 in cluster 𝐴 would be the data point closest to a point in 

cluster 𝐵, where the corresponding point would be point 𝑏. (Xu et al., 2009, 34; Śmieja, 

Warszycki, Tabor & Bojarski, 2014) 

 

Complete linkage is the opposite of single linkage. The distance between clusters is the 

longest distance between any two points belonging to the compared different clusters. When 

combining clusters, the clusters' farthest points are considered. The complete method aims 

to form dense and compact clusters. (Xu et al., 2009, 34-35) It is more tolerant of outliers 

than single linkage and can split long clusters into parts. On the other hand, the method may 

separate large clusters too much. (Everitt et al. 2011, 83) Complete linkage's formula is as 

follows: 

𝐷(𝐴, 𝐵) = max{𝐷(𝑎, 𝑏) ∶  𝑎 ∈ 𝐴, 𝑏 ∈ 𝐵} 

Where D is the chosen distance function and cluster 𝐴 is merged to cluster 𝐵. Data point 𝑎 

in cluster 𝐴 would be the data point furthest to a point in cluster 𝐵, where the corresponding 

point would be point 𝑏. (Xu et al., 2009, 35; Śmieja et al., 2014) 

 

In Average linkage method, the distance of clusters is the average of the distances between 

all points inside those clusters. When combining clusters, all points from both clusters are 

considered by calculating the average of the distances between them. (Xu et al., 2009, 35) 

The method balances the relationship between compactness and chain-likeness (Everitt et 

al., 2011, 79). The average linkage formula is as follows: 

𝐷(𝐴, 𝐵) =
1

|𝐴||𝐵|
∑  

𝑎∈𝐴
∑ 𝐷(𝑎, 𝑏) 

𝑏∈𝐵
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Where D is the chosen distance function and cluster 𝐴 is merged to cluster 𝐵. |𝐴||𝐵| 

represents the total number of pairwise distances that will be computed between clusters 𝐴 

and 𝐵. |𝐴| and |𝐵| are the sizes of clusters 𝐴 and 𝐵 respectively, so |𝐴||𝐵| is the product of 

the two, giving the total number of element pairs between the two clusters. 

∑  𝑎∈𝐴 ∑ 𝐷(𝑎, 𝑏) 𝑏∈𝐵 is the sum of the distances between each pair of elements 𝑎 from 

cluster 𝐴 and 𝑏 from cluster 𝐵. For each element 𝑎 in cluster 𝐴, the distance to every 

element 𝑏 from cluster 𝐵 is calculated and added together. (Xu et al., 2009, 35; ; Śmieja 

et al., 2014) 

 

All three methods (single, complete and average) use a dissimilarity matrix as input, which 

we need to consider when choosing an appropriate similarity measure (Everitt et al. 2011, 

76). Based on the nature of the clustering variables used, the literature on customer 

segmentation (i.e., Teslenko et al., 2023; Hattatoğlu et al., 2019), the clustering methods 

used, and the selected programming environment, we choose Gower's distance as the 

clustering distance metric. Gower's distance is a versatile measure suitable for both 

continuous and categorical variables (Teslenko et al., 2023; Akay et al., 2017). The metric 

is designed explicitly for clustering algorithms by J.C. Gower (Gower, 1971). It calculates 

the distance between points by considering the unique features of each type of variable and 

scales them to be comparable. Gower's distance is between [0, 1], where 0 means perfect 

similarity and 1 maximum difference. (D'Orazio, 2021) Gower’s distance formula is: 

𝑑(𝑖, 𝑗) = 1 − 
∑ 𝑤𝑘𝑠𝑖,𝑗,𝑘

𝑝
𝑘=1

∑ 𝑤𝑘
𝑝
𝑘=1

 

Where 𝑝 is the number of variables, 𝑤𝑘 is the weight assigned to variable 𝑘 (usually 1 if all 

variables are equally important), 𝑠𝑖,𝑗,𝑘 is the similarity score between observations 𝑖 and 𝑗 

for variable 𝑘. (Hattatoğlu et al., 2019; Akay et al., 2017) For categorical and binary 

variables, the similarity score is: 

𝑠𝑖,𝑗,𝑘  = {
  1, 𝑖𝑓     𝑥𝑖,𝑘 = 𝑥𝑗,𝑘   

0, 𝑖𝑓     𝑥𝑖,𝑘 ≠ 𝑥𝑗,𝑘
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Where 𝑥𝑖,𝑘 is the value of variable 𝑘 for observation 𝑖, 𝑥𝑗,𝑘 is the value of variable 𝑘 for 

observation 𝑗, and 𝑠𝑖,𝑗,𝑘  is the similarity score for variable 𝑘 between observations 𝑖 and 

𝑗. Similarity score 𝑠𝑖,𝑗,𝑘  is also 0 if 𝑥𝑖,𝑘  or 𝑥𝑗,𝑘  or both are missing. (D'Orazio, 2021; Akay 

et al., 2017; Vinay et al., 2024) Overall for data with only categorical variables, Gower’s 

distance measures dissimilarity as the proportion of attributes where two observations differ 

(Islam, 2023). 

 

D'Orazio (2021) also suggests that if the studied variable 𝑘 is binary and symmetric, 𝑠𝑖,𝑗,𝑘  

corresponds to the simple matching coefficient. If it is binary and asymmetric, the 

similarity score corresponds to the Jaccard index. And lastly, if the variable is nominal 

and categorical, 𝑠𝑖,𝑗,𝑘  corresponds to the Dice measure. (D'Orazio, 2021, Teslenko et al. 

2023) Continuous variables are handled in a different way, which ultimately leads to the 

calculation of the Manhattan distance (D'Orazio, 2021; Teslenko et al. 2023) 

 

Since the selected clustering variables will be categorical, Gower's distance can process them 

according to the abovementioned formula. In the selected R environment, Gower's distance 

can be easily implemented in the chosen clustering methods during the analysis phase. This 

is done using the "daisy()" function from the Cluster library, where one specifies "Gower" 

as the selected metric (R Documentation, 2024). The use of Gower's distance is also very 

typical with the chosen clustering methods. Among others, Akay et al. (2017), Sumbherwal, 

Hooda, and Vinit (2023), and Vinay et al. (2024) have used Gower's distance in selected 

linkage methods. 

 

The quality of clustering can be evaluated with multiple numeric metrics. One common way 

to study clusters' results and quality is the silhouette score. Silhouette score measures the 

quality of clustering by evaluating how well each data point belongs to its own cluster 

compared to the nearest neighboring cluster (Sumbherwal et al. 2023). The average score is 

calculated separately for each cluster as well as for the whole data set (Vinay et al. 2024). 

To calculate the silhouettes 𝑆(𝑖) the following formula is applied: 
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𝑆(𝑖) =  
(𝑏(𝑖) − 𝑎(𝑖))

𝑚𝑎𝑥{𝑎(𝑖), 𝑏(𝑖)}
 

Where 𝑎(𝑖) is the average dissimilarity of 𝑖𝑡ℎ object to all objects in the same cluster (how 

well the object is stuck in its own cluster) and 𝑏(𝑖) is the minimum of average dissimilarity 

of 𝑖𝑡ℎ object to all objects in the closest other cluster (Vinay et al. 2024). 

 

Silhouette score can vary between -1 and 1 (Hattatoğlu et al., 2019). When the value 

approaches 1, the object i clearly belongs to its own cluster, and it is well connected to the 

other objects of its own cluster and far from all other clusters. Scores close to 1 suggest that 

clustering has been successful for that object. When the value approaches 0, the object is 

located on the border of two clusters. It is equally close to the points of its own cluster and 

the nearest other cluster. This may indicate that the distinction between clusters is not clear 

or that the object may belong to more than one cluster. When the value approaches -1, the 

object is closer to another cluster than to its own. This means the point was likely 

misclassified into its cluster. Negative values indicate that the clustering has not been 

successful. (Giordani, Ferraro and Martella, 2020, 99) The average silhouette score (the 

average of the 𝑆(𝑖) values of all points inside a cluster or the whole dataset) gives a general 

picture of the clustering quality. Generally, the limit of a good cluster is considered to be a 

cluster with a mean silhouette score between 0.5 and 0.7 (Everitt et al., 2011, 129; Dalmaijer, 

Nord & Astle, 2022). The scoring can be used to evaluate the clustering quality and, if 

necessary, adjust the number of clusters or change the selected clustering method. 

 

3.3. Logistic models 

 

Regression models are one of the most common statistical methods for modelling the 

relationship between variables. In particular, linear regression, which has been used since 

the 19th century (Merriman, 1877), has become one of the most essential tools of statistical 

analysis and is widely used in many disciplines to predict the values of a dependent variable 

based on the relationship between it and independent variables (Montgomery, Peck & 
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Vining, 2012). There can be several different regression models. For example, while linear 

regression aims to estimate the values of a continuous variable, logistic regression focuses 

on the evaluation of dichotomous variables (Peng et al., 2002). Logistic regression models 

started to gain popularity in the 1960s as an alternative to linear regression. This shift 

occurred because linear regression struggled to handle binary outcomes effectively due to 

the strict statistical assumptions of linear models, such as linearity, normality, and continuity. 

(Peng et al., 2002) After this, the use of logistic models has increased in different domains 

and higher educational research (Peng, So, Stage, & St. John, 2002). 

 

Despite the model having the word "regression" in its name, it practically applies to 

classification problems (Bishop, 2006, 205). Logistic models are well suited to evaluate, for 

example, whether a customer buys a service or not. Both continuous, categorical and 

dichotomous variables can be used as explanatory variables in the model (Peng et al., 2002). 

The model estimates the probability that a new instance belongs to the class of interest, 

specifically the alternative classes of the variable being explained. As such, the logistic 

function is a probability function where outputs range between 0 and 1. (Cramer, 2002) 

Logistic regression relies on maximum likelihood estimation to adjust the model's 

coefficients until it meets a predefined criterion. Once the model is finalized, it classifies 

observations based on the identified threshold. (Osborne, 2015, 19-44) The formula of the 

logistic regression model with multiple predictors can be written as follows: 

𝑙𝑜𝑔𝑖𝑡 (𝑦) = ln (
𝑝

1 − 𝑝
) = 𝑧 

Where 𝑝 is a probability that a certain observation would be classified to a certain class, 1 −

𝑝 is the probability of a counter-event, and 𝑧  is a linear combination 𝑎 + 𝛽1𝑥1 + ⋯ + 𝛽𝑘𝑥𝑘 

of explanatory variables and their coefficients. The logit function ln (
𝑝

1−𝑝
) is obtained by 

making an inverse transformation of the sigmoid function 𝑝 =  
1

1+𝑒−𝑧, which allows scaling 

the linear combination 𝑧 between the values 0 and 1 and interpreting them as probabilities. 

(Park, 2013) 
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Logistic regression is a simple and easily interpretable method that requires minimal 

computational power and trains quickly. It works particularly well in low-dimensional 

datasets, where the number of observations exceeds the number of variables, and is effective 

for prediction when classes are linearly separable. Under these conditions, it is not highly 

prone to overfitting. However, the method has its limitations. The model cannot handle non-

linear problems and is not efficient at capturing complex relationships. In high-dimensional 

datasets, where the number of variables exceeds the number of observations, it tends to 

overfit. Additionally, as the model is sensitive to multicollinearity and outliers, it’s essential 

to preprocess the used data. Logistic regression is best suited for larger, well-structured 

datasets where its limitations are less likely to impact performance. (Tu, 1996) 

 

3.3.1. Quality of logistic models 

 

The Confusion matrix can evaluate the quality of logistic models. The Confusion matrix 

table shows how many observations were correctly or incorrectly classified into each 

category. It organizes the model's predictions into a table with four main components: true 

positive (TP), true negative (TN), false positive (FP), and false negative (FN). True positive 

refers to cases where the model has correctly predicted the positive class, while true negative 

refers to cases where the negative class has been correctly classified. False positive refers to 

situations where the model incorrectly predicts a positive category for what is actually a 

negative observation, and false negative occurs when the model does not recognize a positive 

observation and classifies it as negative. (Fawcett, 2006) Several performance metrics can 

be calculated based on the table, such as accuracy value, Kappa-value, sensitivity value, 

specificity value, Positive predictive value, Negative predictive value, detection rate, and 

balanced accuracy value. (Kuhn, 2008) 

 

Accuracy refers to the proportion of total classifications that are correctly identified. It is 

calculated as the ratio of correctly classified observations (True Positive and True Negative) 

to the total number of all observations (Bhandari, 2024). The Kappa coefficient measures 

the accuracy of classification compared to random classification. It considers the imbalance 
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of the data and compares the model's performance to what a random guess would produce. 

In the Kappa value, 1 means perfect forecasts and 0 means that the model is no better than 

random. (Viera & Garett, 2005) Sensitivity, also known as True Positive Rate, measures the 

model's ability to identify all positive cases correctly. It is calculated as the proportion of 

correctly classified cases out of true positive cases. Specificity, on the other hand, measures 

the ability of the model to identify negative cases correctly. It is calculated as the proportion 

of correctly classified cases out of true negative cases. (Parikh, Mathai, Parikh, Sekhar & 

Thomas, 2008) 

 

Positive Predictive Value indicates the proportion of the model's predicted positive values 

that are actually positive, while Negative Predictive Value reflects the opposite (Boston 

University School of Public Health, 2016). Prevalence describes the rate of how much of the 

material belongs to the true positive class (Kuhn, 2024). Moreover, the detection rate 

measures how many observations have been correctly identified as positive (Hayes, 2018). 

The detection prevalence describes how much of the observations the model has classified 

as positive, regardless of whether they are correct or incorrect (Kuhn, 2024). Finally, 

Balanced Accuracy considers both sensitivity and specificity and averages them out. 

Balanced accuracy is mathematically the same as accuracy when the datasets are perfectly 

balanced. (Velez, White, Motsinger, Bush, Ritchie, Williams & Moore, 2007) The formulas 

for all performance measures are opened in Appendix 1. 

 

Another way to evaluate the results of logit models is by using the ROC curve and the AUC 

value. A Receiver Operating Characteristic (ROC) curve is a graphical representation that 

assesses the performance of a classification model at different thresholds. The ROC curve 

describes how well the model balances the True Positive Rate (TPR) and the False Positive 

Rate (FPR). In the curve graph, the x-axis represents the False Positive Rate, and the y-axis 

represents the True Positive Rate. (Fawcett, 2005) The curve points are created by adjusting 

the model's threshold value used to classify observations. The curve's course shows how the 

model's TPR and FPR vary depending on the threshold value. The ROC curve of A perfect 

model passes close to the upper left corner, indicating high sensitivity and low FPR. The 
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curve of a random classifier is a diagonal that goes from the lower left corner to the upper 

right corner because its TPR and FPR are always the same. (Marzban, 2004) 

 

The Area Under Curve (AUC) value, the area under the ROC curve, is a numerical measure 

that summarizes the information of the ROC curve into one number. The AUC describes the 

overall discriminating ability of the model between classes, regardless of which threshold 

value is used. A value of 1 represents that the model forecasts the actual values of given 

training data perfectly, where the model separates the classes flawlessly. A value of 0.5 

describes random forecasts, i.e. the model is no better than a guess. (Marzban, 2004) A value 

below 0.5 describes a bad model that predicts systematically wrongly. AUC is calculated as 

the geometric area under the ROC curve. The larger the area, the better the model is in overall 

performance. (Jaskowiak, Costa & Campello, 2022)  
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4. Methodology Implementation & Data description 

The next chapter begins by explaining how the chosen methodology is implemented in this 

study. Second, we introduce the dataset and its collection process. Lastly, variables used in 

clustering and the logistic regression models are described and evaluated separately. 

 

4.1. Methodology implementation 

 

The research is carried out using quantitative methods on cross-sectional data. The 

segmentation of customer profiles is studied using hierarchical clustering, and the influence 

of different clusters and company demographic factors on purchase decisions is analyzed 

using logistic regression. As in the customer segmentation studies by Liu et al. (2007), 

Güçdemir et al. (2015), Cibulková et al. (2018), and Arivazhagan et al. (2022), clustering is 

done using single linkage, complete linkage, and average linkage methods. And like 

Teslenko et al. (2023), and Hattatoğlu et al. (2019) in their publications, the chosen distance 

metric is Gower's distance, which enables the use of categorical variables with the selected 

methods. The clusters are first evaluated by visually examining dendrograms of each linkage 

method. We check for the potential existence of chaining effect and the overall logical 

structures of the dendrograms.  

 

In addition, the final method is selected by analyzing each method's silhouette scores with 

different numbers of clusters. As we aim for clusters with the maximum amount of data and 

simplification of the studied clustering variables but with a reasonable quality, the first 

method that produces clusters with a mean silhouette score over 0.6 will be chosen as the 

final clustering method. We will iteratively test each method to achieve this goal, starting 

from one cluster and adding a cluster each round (lowering the cutoff line of dendrograms) 

until the threshold of 0.6 silhouette score is met. If none of the methods can produce clusters 

of the needed quality at any given level, the clustering variables are deemed insufficient to 
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produce coherent clusters. If the mean scores are roughly over the threshold 0.6 in multiple 

methods while using the same predefined cluster amount, the method that makes clusters 

more evenly distributed and usable for subsequent cluster-specific regression analyses is 

selected. The usability of a cluster in the cluster-specific regressions is determined by the 

amount of data the cluster contains. The cluster-specific regression are performed to clusters 

that contain at least close to 200 companies. 

 

Finally, we assess the quality of the clusters and the basis for the formations of the clusters 

by comparing the relative frequencies of the used cluster variables. A “good” cluster would 

include the variables’ categories that have high common frequencies. A situation like this 

could be for example, if category 1 of clustering variable 1 is often true when category 2 of 

clustering variable 2 is true. We expect that a high number of such co-occurrences would 

likely influence the formation of clusters. We anticipate that with these steps, we will be able 

to determine the answer to the first research question - whether the case company's customers 

can be grouped into distinct customer profiles. 

 

Following the studies by Yeung et al., (2011) Yeh et al., (2010) and Gu (2022), among 

others, the influence of the studied variables on purchase decision is examined with logistic 

regression. The regression models are performed after clustering so that we can use the 

clusters as explanatory variables in the regression model of the entire data. The regressions 

are performed separately on all data with and without clusters and within each cluster that 

contains at least close to 200 companies. Given that the number of potential combinations 

of the clustering variables is manageable (a total of 12 potential combinations), we can also 

investigate whether clustering—essentially simplifying these possible combinations—

generally enhances the predictability of purchase decisions using the selected goodness-of-

fit tests. This will be done by separately conducting a logistic regression of the whole data 

with all combinations of clustering variables as predictors (so-called classes). The goodness 

of fit of logistic models is tested with a confusion matrix and multiple performance metrics 

introduced in section 3.2.1., ROC curve and AUC value. Using logistic regression, we aim 

to answer the second research question: Does belonging to a specific customer profile or 
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firmographic influence the purchasing of the case company's consulting services – can they 

be associated with or predict positive purchase decisions? 

 

For the purpose of the thesis, we will also implement potential fixes that could improve the 

models' predictability if the goodness of fit test results of the original logistic regression 

models are unsatisfactory. Such fixes include balancing potential skewness’s in the data, 

conducting a new clustering after the balancing and using the new clusters in new regression 

models, standardizing continuous variables, simplifying the logit models by removing 

dimensions (explanatory variables) with the stepwise selection method and testing different 

thresholds in confusion matrices. Finally, we will evaluate whether these changes enhance 

the predictability of the logistic regressions and what conclusions can be drawn from the 

results. All of the tests will be done in R-studio. Appendix 5 presents the codes used.  

 

4.2. Data collection 

 

The clustering will use need-based segmentation variables for which the case company 

provides the needed information. The variables used in clustering are also categorical 

nominal variables. These variables for clustering are 1. the theme of the acquired service, 2. 

the sales team and 3. the payment type of the acquired service. The material of the logistic 

regressions is supplemented with data about the price of acquired services and the studied 

companies' various firmographic factors, such as 1. the company's age, 2. location on either 

in an urban or rural area, 3. industry classification and size expressed through 4. the number 

of employees and 5. revenue. Some demographic variables are categorical, but some are also 

numerical continuous variables. The models will use a dichotomous variable about the 

decision to purchase a service (yes/no) as the dependent variable. Demographic data was 

collected from several sources - the case company's database, Vainu.io Software Oy's 

database, and Bureau van Dijk's Orbis database. Customers for whom the necessary 

information could not be found in the used databases were not included in the analysis. 
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The data for both need-based and demographic variables is from 2022. Information is 

collected about companies to whom the case company has sold or offered its services during 

the examined period. The final material consists of 2100 companies out of the original data 

set of 4083 companies, from which outliers and rows with missing values were removed, 

corresponding a sample little over 50% of the population. In the clustering analysis, outliers 

were identified as any combinations of the selected variables with a total of less than 10 in 

the dataset. For example, a scenario like this could involve a member of the Outsourced 

sales sales team who sold or offered a consulting service with a Customer pays payment 

method. In the regression models, outliers were identified as companies that significantly 

differed in scale from the others. For example, a company with a turnover exceeding 100 

million euros could be considered an outlier, especially when most of the companies 

examined have a turnover of less than 10 million euros. Overall, data rows with missing 

values accounted for the biggest reason for data deletion, while a few hundred outliers were 

deleted in total. The final sample closely resembles the entire dataset, as the distributions of 

all the variables studied did not change by more than a few percentage points after cleaning 

the data. Yet, there was a moderate change in the data related to purchase decisions. In the 

next stage of introducing the variables, we examine the distributions of the studied variables 

in the remaining data to better understand the nature of the data analyzed. We also assess the 

implications of the relative change of purchase decision data. 

 

The original data also included separate variables such as details about individual services, 

further categorized into service themes; information about individual sales agents, classified 

into sales teams; and industry codes, simplified into industry classes. Additionally, it 

contained information on when the sales process ended, particularly in the case of declined 

purchase decisions, as well as company form information and geographical province data. 

However, some unused variables did not fit the researched themes (sales process stopping 

points), contained minimal variation, or would have added an unnecessary number of 

dimensions and complexity to the models without significant added value (province and 

company form). For example, the province variable contained 18 separate categories; 

including them in the model would require variable transformation by making all province 

categories into their own dichotomous variables. Nevertheless, the effect of location was 

considered in the regression with the location on either an urban or rural area variable. The 
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company form would have required a similar change, and including both in the logistic 

models would have increased the risk of overfitting, as the number of explanatory variables 

would have grown substantially. 

 

 

4.3. Introduction of the clustering variables 

 

In cluster analysis, selecting variables is essential and should align with the study's 

objectives. As the purpose of the study is to evaluate the formation of customer profiles from 

the company's internal data, the choice of clustering variables is straightforward. The 

variables of the theme of the acquired service, the sales team, and the type of payment are 

natural choices for clustering.  

 

The case company's services are divided into four different themes: 

 

1. Recruitment and employment counselling 

2. Entrepreneurship counselling 

3. Growth, internationalization and commercialization-related consulting 

4. Other consulting services 

 

The counselling categories are related to two publicly tendered procurements, in which the 

case company was selected as a service provider. The public sector purchased consulting 

services from the case company for companies that are the focus of the project related to the 

procurement. These services are efficient implementations with a reasonable volume, aiming 

to influence as many companies as possible in the theme of the service described - especially 

companies that want to acquire counselling related to employment, recruitment and 

entrepreneurship. Consulting theme three, as the name suggests, includes all services offered 

by the case company related to growth strategy, commercialization of innovations and 

internationalization. Theme four contains all other consulting services offered by the case 

company, which are services associated with developing sales, marketing, digitalization, 

productivity, personnel management, and management practices. Themes three and four 
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significantly contain services partially supported by the public sector but also purchases 

where the customer has paid the total price of the service.  

 

 

 

 

Figure 3: The distribution of customer companies in each service theme. 

 

Figure 3 reveals the number of different themes in the studied sample. More than half (54%) 

of the investigated companies had been offered or sold services related to the Recruitment 

and employment counselling theme. The shares of the remaining themes were around the 

same size – entrepreneurship counselling at approximately 16%, growth, 

internationalization and commercialization-related consulting at approximately 13%, and 

other consulting services at about 16%. However, even though the counselling services are 

more popular, usually services related to the consulting themes were more expensive. An 

example snippet of the used data can be found from Appendix 3. 

 

The second variable of clustering, payment type, is mainly structured according to the 

payment methods related to different services. Its categories are: 1. Financier pays, 2. 

Hybrid, and 3. Customer pays. Category one includes all cases where a third party (public 

sector) pays for the service, whereas in category three, the customer pays for the service 

entirely themselves. Category two is an intermediate form; for example, the payment is 

divided between the third party and the customer with a 50%-50% split. 
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Figure 4 opens the distribution of different payment types in the data. About 70% of the 

investigated companies had been offered a service with a Payment type of Financier pays. 

About a quarter was of the Hybrid payment type, and the remaining three per cent were of 

the Customer pays type. 

 

 

 

Figure 4: The distribution of customer companies in each payment type. 

 

The sales team variable includes four categories: 1. Volume sellers, 2. Solution sellers, 3. 

Outsourced sales and 4. Consultants. Each individual salesperson or agent was classified 

into one of the categories according to their real-life team membership. As the name 

suggests, category one consists of companies contacted by sales agents whose team's main 

task is to sell cost-effective services to customers in large volumes with a service-oriented 

tactic. Category two focuses on building longer-term cooperation with companies of 

different kinds, and their sales tactic is based more on mapping customer needs and 

providing a suitable and customized service to the identified need in a solution-oriented way. 

Category three includes all companies that have purchased the case company's services from 

an outsourced sales unit. Category four refers to companies to whom the consultants of the 

case company have directly sold or offered services. The distribution of the sales team is 

described in figure 5. Sales agents from the Volume Sellers team provided services for the 

majority (60%), while the share of Solution sellers was about 22%, Outsourced sales about 

15%, and Consultants roughly 2%. 
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Figure 5: The distribution of customer companies in each sales team. 

 

The categorical nature of the used clustering variables presents a unique challenge. 

Categorical data, by definition, represent categories which often do not possess a natural 

ordering or numerical relationship. This has to be considered in the modelling efforts where 

distances or similarities need to be quantified. To be precise, although distance usually refers 

to the spread between two points, and this work also uses Gower's distance metric to find 

differences between clusters, in practice, all comparisons of dissimilarity are based on 

differences in dichotomous variables. Distance is thus not the space difference between two 

data rows' clustering variable categories; instead, it involves a case-by-case comparison 

where certain categories are identified while others may not be present in the studied 

variables. 

  

One could consider, for example, the clustering variable Payment type. Categories such as 

Customer pays or Hybrid represent fundamentally different payment methods, but they do 

not have an intrinsic order or scale. There isn't a clear way to say that Customer pays is 

greater than or less than Hybrid in the way one might interpret numerical values. In addition, 

there may be similarities between the categories of a clustering variable, but no order (e.g., 

counselling vs consulting-related services in the service theme). Each category is distinct, 

with no inherent ranking or scoring system that reflects their preferability, size, or 

consequences without introducing subjective assumptions.  
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This situation highlights a critical aspect of dealing with categorical data in clustering: the 

need for an appropriate dissimilarity measure that can handle non-ordinal, non-numeric data. 

Techniques such as using the Gower’s distance, which can handle different types of 

variables, or transforming categories into binary dummy variables for analysis can be used 

to bridge the gap. 

 

4.3.1. Frequency analysis of the clustering variables 

 

By examining the relative frequencies between the clustering variable categories, it can be 

noticed that specific service themes and payment types are reasonably common together 

(Appendix 2). This is a natural phenomenon considering the line of business and industry in 

which the case company operates. According to the results of the frequency tables, the 

service themes related to consulting are sold with either Hybrid or Customer pays payment 

methods. However, all counselling services are paid with Financier pays (Appendix 2). 

  

In addition, the Solution sellers' sales team has sold a reasonably low number of services 

with Financier pays-payment type. Customer pays is however even lower considering all of 

the services and their payment types that the team has sold (about 20% with Financier pays 

and 10% with Customer pays). However, as the absolute number of services sold with the 

Financier pays (N = 1477) method is much larger than Customer pays (N = 62) in the whole 

dataset, Solution sellers seem to offer Customer pays services a fairly considerable amount 

compared to Financier pays. Also, Consultants focus solely on consulting services; 

Outsourced sales focus solely on Recruitment and employment counselling; the Solution 

sellers team focuses primarily on consulting service themes, and Volume sellers concentrate 

mostly on counselling related service themes. (Appendix 2) 

  

Some variable categories consistently occur alongside specific categories of other variables, 

resulting in a scenario where the data for one variable depends on the data for another 

variable (Appendix 2). However, in the case of categorical variables, such covariance is less 

critical than in the case of continuous variables since each category combination has its own 
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specific interpretation. We will critically examine the clustering results by considering the 

connections between the different categories. 

 

As a whole, the selected clustering variables form a total of 12 different combinations 

(Appendix 2). The number of data rows within different combinations is shown in Figure 6 

below. As the figure shows, the largest combination (Recruitment and employment 

counselling, Volume sellers, Financier pays) covers a significant part of the entire data (N = 

725, about 35%). The next largest combination is the counselling-type service theme 

Entrepreneurship Counselling, combined again with the Volume sellers and Financier pays 

payment format (N = 340, about 16%). The third largest combination is similar to the largest, 

but the sales team is Outsourced sales instead of Volume sellers (N = 320, about 15%). 

(Figure 6) 

  

Moreover, consulting services are sold much more scattered. The smallest combination of 

the clustering variables consists of the Growth, internationalization and commercialization-

related consulting service theme, the Consultants' sales team, and the Customer pays 

payment type (N = 12, about 0.6%). (Figure 6) Regarding future clustering, it could be 

assumed that counselling-themed services might function almost as independent clusters due 

to their size. In contrast, consulting services will probably be strongly clustered through, for 

example, a service theme or payment type.  
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Figure 6: Clustering variables’ category combinations. 

 

4.4. Introduction to the logistic regression model variables 

 

We utilize versatile variables in creating regression models. The goal is to investigate 

whether belonging to a specific cluster can significantly predict and influence purchase 

decisions and whether company demographics can influence purchase decisions within these 

clusters. In addition to the purchase decision, cluster membership and service price data, we 

use the following firmographic variables in the regressions: the age, location, industry, 

number of employees, and turnover of the investigated companies. The choice of using 

specifically these firmographic variables is based on their usage in previous literature (for 

size, industry, and location, e.g., Pozza et al., 2018; Wu et al., 2024; Van Rossem, 2021; 

Dobrucah, 2019) and the availability of the variables' data in the used data sources. 

 

The ages of the surveyed companies vary between 61 and zero years. Zero indicates that the 

company was founded in 2022. Most companies studied are less than five years old, 

comprising about 70%. Additionally, nearly one-fifth of these companies were established 

in the same year the research data was collected. The Case company seems to indeed target 
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its sales to young companies. The age distribution of companies increases significantly after 

five years of age. (Figure 7) The locations of the companies are divided according to a zip 

code-based variable into either urban or rural areas. According to the classification, the 

company is located in an urban area if it is located in a postcode site that belongs to the inner 

or outer urban area according to the urban-rural classification maintained by the Finnish 

Environment Agency (Finnish Environment Agency 2024). The postcodes of other areas, 

i.e. the city frame area, rural local centres, rural areas close to a city, core rural areas and 

sparsely populated rural areas, have been coded as rural regions in the variable. According 

to the classification, 35% of the surveyed companies are located in rural regions and 65% in 

urban sites (Figure 8). 

 

   

 

Figure 7 and 8: Pie charts of company ages and Rural vs Urban classification. 

 

Turnover and the number of personnel are based on the amounts reported by the company 

in its financial statements or the estimates of the data sources used if the information is not 

directly reported. The industry variable is coded according to each studied company's 

Standard Industrial Classification TOL 2008 main industry category (Statistics Center 

2024). The analysis examines the five most significant industries within the overall data set 

and each cluster. The restriction ensures that considerable data can be found from the studied 

industries. Additionally, we anticipate that the case company will continue to focus its sales 

efforts in the future on the same industries as it did in 2022. This is because the most popular 
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industries also align with the areas where the case company has abundant contact 

information data. This way, we ensure the reproducibility of the results. In addition, we 

minimize the risk of overfitting the models, considering that we are looking at clusters with 

at least 200 data points and potentially 18 different industry classes. In the whole dataset, 

industry F Construction is the most popular with over 300 data points, followed by G 

Wholesale and retail trade with little over 300 data points, and M Professional, scientific 

and technical services with about 250 data points (Figure 9). 

 

 

Figure 9: number of companies per industry. 

 

Finally, we go through the purchase decision variable. The purchase decision is used as an 

explanatory variable in all logistic regressions. The entire data shows more positive purchase 

decisions (N = 1535, about 73%) than negative ones (N = 565, about 27%). (Figure 10) Both 

cases have a reasonable amount of data, but the data is clearly skewed more towards positive 

purchase decisions. The distribution is different concerning the original data, from which 

outliers and rows with missing records were removed. The original distribution was more 

even - 49% were negative, and 51% were positive purchase decisions. This may occur if the 

data collection regarding the case company's sales process would usually not be finished 

when the purchase decision appears to conclude or results in a negative outcome. Overall, 

we must consider this when conducting logistic regression models. 
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Figure 10: Pie chart of purchasing decisions.  

 

In addition, even though the number of negative decisions in the cleaned data would be 

suitable, the amount of data for individual cluster-specific regression models is likely to be 

relatively small. This can affect the prediction ability of the models. Table 2 summarizes all 

the used variables.  

 

 

Table 2: A table of all used variables and their definitions. 
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5. Results  

Next, we will go through the study's results in more detail, achieved with the research 

methods and data described in the previous section. We start by going through clustering, 

after which we continue with logistic regressions The results of the statistical tests and the 

corresponding analysis will create the basis for answering the research questions. 

 

5.1. Clustering 

 

We begin by constructing a dissimilarity matrix using Gower's distance for the selected 

variables. We use three alternative hierarchical methods - single, complete and average 

linkage. First, we selected the studied clustering variables from the 2022 customer data of 

the case company. Afterwards, Gower's distances were calculated with the daisy() function 

in the R environment, which calculates the differences of observations pairwise, as shown 

in section 3.2.3. 

 

After calculating the Gower's distance, we enter the values into the selected clustering 

methods with the hclust() function. The method was specified separately as "single", 

"complete", and "average". After that, the clustering results were visualized with the 

dendrograms below (Figure 11). In the dendrograms, the y-axis represents the difference in 

combining the clusters based on the selected method, as explained in the theory section 3.2.1. 

For example, in average linkage, the Y-axis describes the average distance between two 

clusters. The average distance of Gower’s distances between points in all clusters defines 

the merging criterion, and the value on the y-axis corresponds to this dissimilarity when the 

clusters are combined. 

 

According to the dendrogram, the single linkage method suffers from chaining effect when 

y-axis is 0.3 (Figure 11). Chaining effect refers to a situation where the clusters are merged 



   

 

   

 

51 

sequentially in a chain-like manner due to the method's reliance on the shortest distance 

(Morbieu, 2019). Therefore, we focus on the results obtained via the average and complete 

linkage methods. A cutoff line can determine the optimal number of clusters in hierarchical 

clustering. This line is drawn horizontally and intersects the branches of the dendrogram at 

points where the clusters are separated. Observing where the cutoff line intersects allows 

one to decide how many clusters are formed. 

 

 

 

Figure 11: Dendrograms of chosen clustering methods. 

 

In the dendrogram of the average linkage method, with the y-axis being around 0.9, the right 

side seems to be clearly divided more densely into several smaller parts than the left side 

(Figure 11). In the graph, the right side contains clusters related to consulting themes, and 

the left side contains clusters related to counselling service themes. This can be concluded 
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from the fact that the left side divides separately again first into two clusters, when the y-

axis is about 0.4, describing the two potential counseling-type services with Financier pays 

payment type, which cannot be found at the same time with consulting themes in the same 

cluster (Appendix 2; Figure 14). After that, one of these clusters splits again into three at y-

axis level 0.3 (Figure 11). These three entities are most likely the three different alternative 

sales teams of the Recruitment and employment counselling theme, with which the service 

theme in question can appear simultaneously (Appendix 2; Figure 14). Thus, the extreme 

left cluster at y-axis 0.4 would be the last possible combination Financier pays can get - 

Entrepreneurship counselling service theme with the Volume sellers sales team. For this 

reason, the cluster in question is no longer divided into smaller parts - the Financier pays 

payment type combined with the Entrepreneurship counselling service theme cannot co-

occur with other sales teams (Figure 14; Appendix 2). 

 

The interpretation of the right side of the average linkage dendrogram is already more 

unclear. Still, the first division, roughly with the y-axis at 0.7, separates the consulting 

clusters with the Customer pays payment type from the clusters with the Hybrid payment 

type. The payment type of Customer pays can only be divided into two according to the two 

potential sales teams (Appendix 2), and we can see a similar division in the dendrogram 

when the cluster reaches y-axis level 0.3 (Figure 11). The remaining clusters on the far-right 

side of the y-axis level 0.7 are thus clusters of the Hybrid payment type of different service 

themes and sales teams. Overall, payment type seems to be the main factor dividing clusters 

at higher y-axis levels. 

 

Similar conclusions can be drawn from the single linkage dendrogram. In single linkage, the 

first division at the y-axis level of around 0.7 is divided again to the right (Financier pays 

payment type counselling theme clusters) and left (Hybrid and Customer pays consulting 

theme clusters) (Figure 11). This can be concluded from the fact that the right side in the 

dendrogram can receive a maximum of four different combinations after the y-axis level 0.3, 

just as counselling theme services with the Financier pays payment type can also receive at 

maximum (Appendix 2). However, the single linkage method starts to mix clusters according 
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to the chaining effect at y-axis level 0.3, so the different sales teams of counselling services 

with Financier pays and consulting themes with Customer pays and Hybrid are not visually 

distinguishable in the graph (Figure 11). 

 

In the dendrogram of the complete linkage method, the original clusters at the y-axis level 

of about 0.9 clearly describe the three potential payment types in the data. The cluster on the 

left is further divided into two clusters, describing two possible combinations of the 

Customer pays payment type. The cluster on the right is further divided into four possible 

smaller clusters, describing all possible combinations of the counselling themes with the 

Financier pays payment type. The middle cluster at the y-axis level 0.9 is again further 

divided into six possible combinations, describing clusters of consulting themes with Hybrid 

payment type with different sales teams. (Figure 11; Appendix 2) 

 

To achieve simplification of the potential clustering variable combinations and distinct 

clusters with sufficient amount of data for the later logistic models, we have to choose a 

cutoff-line higher than just the number of the combinations – so over y-axis level 0.3 in any 

given dendrogram. Complete linkage suggests either three or six clear clusters depending on 

the chosen cutoff-line level (around 0.8 or 0.4, respectively). On the other hand, average 

linkage suggests two, three or six clusters at cutoff line levels of 0.8, 0.6 or 0.4, after which 

the number of clusters in the dendrogram increases with only a slight drop in the y-axis. 

(Figure 11) We continue with a more detailed comparison of these clustering methods using 

the Silhouette score. 

 

Using both methods, we tested the formation of two, three, four, and six clusters based on 

the dendrogram results. By comparing the silhouette scores of both methods with different 

numbers of clusters, Average linkage with six clusters is the first combination where every 

cluster gets a mean silhouette score above 0.6. Below are diagrams of six clusters done with 

both methods, silhouette scores and the number of data points in each cluster. The graphs 

are arranged according to the silhouette score of the clusters. In addition, the silhouette score 

average of the entire data has been separately calculated for the graphs. (Figures 12 and 13) 
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Figure 12: Complete linkage silhouette scores. 

    

Figure 13: Average linkage silhouette scores. 

 

Although the silhouette scores of both methods have the same mean, in the Average linkage 

method, all scores exceed the 0.6 threshold for a good cluster. In addition, the Average 

method creates four clusters with around 200 data points. With the Complete method, only 

three corresponding clusters are created. As stated in the introduction of the methodology, 
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we need clusters with at least that many data points for logistic models. Therefore, the 

average linkage method is chosen as the final clustering method.  

 

In addition, as can be seen from the graphs, the phenomena behind the clustering look very 

similar with both methods. For example, clusters 2 and 6 of the complete method look almost 

identical to clusters 2 and 6 of the average method. When we look separately at the content 

of the clusters created with the average method from Figure 14, we notice that the most 

significant differences in the final results of the methods are firmly linked to clusters that 

contain consulting-related service themes and possibly different payment types. Clusters 2 

and 6 include only counselling-related service themes. 

 

   

  

 

 

Figure 14: Bar plots of the cluster variable information per cluster (average linkage 

method). 

 

Based on Figure 14, the average method produces six clusters divided into apparent entities 

according to the selected clustering variables. Cluster 1 (Silhouette score 0.63, N = 329) 
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contains both consulting themes but no counselling theme services. The cluster has Solution 

sellers as a sales team, and the payment type is Hybrid. No other cluster contains a matching 

combination. Cluster 1 is thus the Solution sellers' Hybrid payment-type cluster of 

consulting theme services. As another example, Cluster 2 (Silhouette score 0.63, N = 1137) 

only contains the Recruitment and employment counselling service theme, and thus, also 

according to the frequency tables, only the Financier pays payment type. However, there are 

several sales teams – Volume sellers, Outsourced sales and Solution sellers, of which 

Volume sellers are clearly the largest category. The clusters seem to be formed either 

according to the service theme (clusters 2 and 6, counselling theme clusters), according to 

the sales team (clusters 1, 3, and 4, i.e. Solution sellers, Consultants and Volume sellers 

clusters of consulting services with a Hybrid payment type), or according to the payment 

type (e.g. Cluster 5, Customer pays payment type). For example, in cluster 5, the payment 

type is the factor that differentiates the cluster data from clusters 1 and 3 because the themes 

of the service and the sales teams overlap in these clusters. However, since any combination 

of all cluster variables found in one cluster is not found in another, the clustering appears to 

be successful. 

 

Compared to relative frequency distribution of clustering variables (Appendix 2), the results 

seem logical and model reality sufficiently. For example, cluster 6 is an unequivocally clear 

entity - Entrepreneurship counselling can only be true when the sales team is Volume sellers, 

or the payment type is Financier pays. Cluster 2, on the other hand, could be justified to be 

divided into several parts because it contains multiple different sales teams compared to 

other clusters. However, cluster 2 enables the subsequent interpretation of the cluster-

specific regression considering all Recruitment and employment counselling services sales. 

For comparison, consulting-related themes have been divided into different clusters, 

precisely by sales teams and payment types. This difference is logical – counselling-related 

services have fewer possible sales team and payment type combinations than consulting 

services, which means they are simpler.  

 

In other words, it is expected that as the number of clusters increases from a few to six, 

certain consulting service - sales team - payment type combinations will separate into their 

own clusters before different counselling service - sales team - payment type combinations. 



   

 

   

 

57 

If the number of clusters (k = 6) increases beyond what is observed in the current model, the 

various potential combinations of Recruitment and employment counselling services and 

sales teams are likely to form their own distinct clusters. This would be similar to what has 

occurred with consulting service clusters, where sales teams with overlapping consulting 

themes have started to separate into more clearly defined clusters. 

 

When these clusters are used as explanatory factors in the regression models of the whole 

data or when we make cluster-specific regressions, we should consider the clusters' content 

when interpreting the results. In other words, we can examine whether a demographic factor 

used as an explanatory variable influences the purchase decision, for example, when 

consulting services are sold by the Solution sellers’ sales team. Still, we cannot generalize 

this to all consulting sales due to the distribution of the cluster contents. 

 

In the following section the clusters are used as regressors in logistic regression models, and 

we also perform cluster-specific regression models from the data inside clusters with enough 

data to predict purchase decisions. To substantiate the following section, the distribution of 

purchase decisions in each cluster are calculated and added into a separate table (Appendix 

6). The distributions offer supplementary information about the nature of each cluster and 

should be considered when making the analysis. Additionally, we can see from the table 

already that even though the purchase decision data is skewed, Clusters 1 and 5 do have a 

close to 50-50 split between positive and negative purchases. However, the skewness can be 

seen in clusters 2, 3, 4, and 6 where positive decisions reflect 77%, 61%, 69% and 88% of 

the clusters’ data, respectively. (Appendix 6) 

 

 

5.2. Logistic regressions 

 

Next, we go through the results of the logistic regressions in more detail. Logistic regression 

is first performed on all data separately without clusters to evaluate the relative impact of 

clusters on other explanatory, primarily demographic explanatory variables. In addition, we 

separately model the whole data with all combinations of clustering variables (so-called 

classes, N = 12). 
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Subsequently, we conduct logistic regressions within the studied clusters, each containing at 

least approximately 200 data points. In particular, we investigate whether any studied 

demographic factor affects the predictability of the purchase decision. We also consider the 

variable Price for customer in each model so that the models are not built purely on 

demographic variables and try to minimize the possible bias of missing variables. In 

addition, before each model, we divide the data used in the regression separately into training 

and testing data (70/30 split). The models are created with the training data, and goodness 

of fit tests are carried out separately with the testing data of each model. 

 

5.2.1. Full data models 

 

First, we create a logistic model for the purchase decision without clusters or classes. The 

coefficients of the first model are presented in Table 3. The model's intercept is statistically 

significant, indicating that when all selected explanatory variables are equal to zero, 

customers in the data sample tend to make a favorable purchase decision. However, this may 

be a directly linked to the fact that there are more positive purchase decisions within the data 

than negative ones, as was noticed in section 4.4 Figure 10.  In all the data, price (Price for 

customer), Age, and the Construction industry have statistically significant connections with 

purchase decisions. 
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Table 3: Coefficients of the logistic regression of all data without clusters. 

 

A preliminary regression analysis suggests that, based on the data studied, customers who 

are typically offered services from the case company tend to make positive purchase 

decisions. These customers generally prefer lower prices and do not belong to the 

construction industry. Additionally, younger than average companies seem to be more likely 

to buy than older companies. However, most studied variables do not significantly influence 

the purchase decision. In addition, the model's intercept may be generally skewed by the 

unevenness of the purchase decision data, as approximately 73% of all studied companies 

had made a positive purchase decision. However, the most significant limitation is the 

challenge of predicting the model's outcomes. The ROC curve of the model shows little 

deviation from the no-discrimination line, and the AUC value is only reasonable at best, 

standing at 62% (Appendix 7). This indicates that the model lacks strong predictive power 

compared to chance and is not particularly effective at distinguishing between buyers and 

non-buyers. The results of the Confusion matrix support this conclusion. The model's 

reasonable accuracy (74%) and high sensitivity (98%) are due to the fact that the model has 

correctly predicted a fair share of True Positive values. However, the Kappa value is small, 

which means that the model's performance is not much better than that of a random 

classification of buyers. The small specificity value (7%) supports this assessment, as the 

model had clearly predicted very few negative purchase decisions concerning the number of 



   

 

   

 

60 

False Positive values. Balanced accuracy (52%) tells a different story than pure accuracy. 

The small number of statistically significant variables, the small coefficients and the high 

number of True Positive values compared to True Negative values may affect the model's 

predictive ability. 

 

When clusters are included as explanatory variables, one cluster must be selected as a 

comparison group for data points from other clusters, as all data points belong to one cluster. 

In the created model, cluster 3, which consists of the Hybrid payment type and from the 

Consultants' sales team offering consulting-related services, was selected as the comparison 

group. This choice allows us to account for the influence of larger clusters in the analysis. 

Larger clusters are more interesting as they contain the largest part of customers that the case 

company sells or offers services. 

 

When clusters are treated as explanatory factors, the statistically significant variables 

change. After considering them the intercept, Price for customer, and Age are no longer 

significant variables. Instead, some of the cluster variables are (Table 4). In other words, it 

could be assumed that clustering variables - the theme of the offered service, the sales team 

and the payment type - together influence the purchase decision more than the other 

evaluated variables. On the other hand, the Construction industry remained a significant 

variable (at a 10% risk level), which still negatively impacted the purchase decision. The 

reason for the surprising lack of the price's significance could be that when clusters, and 

primarily through them, the payment type is considered in the model, the significance 

disappears. The payment type could consume the relevancy of price, especially in Financier 

pays situations where the customers do not pay for the service themselves. In addition, since 

most of the studied data is of the Financier pays payment type, its effect could consume the 

significance of price in the entire dataset. 

 

The conclusion is supported by the examination of significant clusters.When the clusters are 

taken into account, Recruitment and employment counselling with the Financier Pays 
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payment type and mainly mixed teams of Volume sellers and Outsourced sales (cluster 2, 

10% risk level), as well as Volume sellers' Entrepreneurship counselling sales with the 

Financier pays payment type (cluster 6, 5% risk level) seem to have a significant positive 

effect to the purchase decision, at least compared to the comparison group (cluster 3). 

Additionally, the negative connection of the Construction industry is significant, even if 

clusters are considered explanatory variables. Other variables, such as other industries, 

Urban-rural classification, Revenue, the Number of employees or the price of the purchased 

service, do not affect the purchase decision statistically significantly. 

 

 

Table 4: Coefficients of the logistic regression of all data with clusters. 

 

Most of the explanatory variables are not statistically significant, but clustering seems to 

help in finding buyers. However, the prediction ability of the model is as weak as before. 

The ROC curve, the AUC value, and the confusion matrix results improved slightly 

compared to the model where clusters are not considered (Appendix 8). However, same 

challenges apply to this model as well. The AUC value improves by only a few per cent 

(about 66%). The model demonstrates reasonable sensitivity (94.4%) and accuracy (around 
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75%), indicating a good ability to predict positive purchase decisions. However, the Kappa 

statistic (20%), specificity (approximately 21%), and balanced accuracy (about 58%) 

suggest issues. The model frequently misclassifies non-buyers as buyers, leading to 

performance that is not much better than random chance. Furthermore, it does not identify 

both categories effectively, showing a strong bias towards identifying buyers while often 

ignoring non-buyers. 

 

In the last model that uses the entire data, we also separately examine the potential 

combinations of all the classes of the clustering variables as explanatory variables. In this 

way, we want to verify whether simplifying these combinations, i.e. clustering improves the 

model's predictability. If using the original combinations as explanatory variables gives a 

better estimate of the model's ability to predict the purchase decision, clustering could be 

thought to lose essential information that enhances the predictive power of the models. 

 

As in the previous model, using different class variables also requires taking one 

combination as a comparison group. Class 3, which also belonged to cluster 3, was chosen 

as the comparison group. This way, the comparability of the results remains better. After 

directly changing the clusters to different clustering variable combinations, we find 

statistically significant connections between certain classes and the purchase decision. In 

addition, the intercept is again statistically significant, and the connection of the 

Construction industry is roughly the same. Statistically significant class variables are classes 

1, 8, 10 and 12. The results largely align with using clusters as explanatory variables - classes 

10 and 12 belong to cluster 2 and class 1 to cluster 6, which were also statistically 

significantly related to the purchase decision in the previous model. Class 8 (Other 

consulting services, Solution sellers, Hybrid) instead belongs to cluster 1, which includes 

both consulting themes, Solutions sellers sales team and Hybrid as the payment type. In other 

words, by bundling Solution sellers' Hybrid payment type consulting services, we lose the 

positive and statistically significant connection of the Other consulting services to the 

purchase decision. 
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Table 5: Logistic regression of all data with classes. 

 

On the other hand, as in the previous models, the results of the goodness of fit tests are not 

good enough to make generalizable conclusions about the predictability of the model. The 

AUC value of the model is even a few per cent worse than the model containing clusters 

(66.3% vs 64.4%), as well as the detection of Real Positive values with sensitivity (94% vs 

92%). According to the confusion matrices, the differences in the prediction ability of the 

models are minimal, and both are lacking. Kappa remained the same for both (around 20%) 

as well as Balanced accuracy (58%). As one can see from the ROC curves, the models 

predict the purchase decision only slightly and practically no better than chance. (Appendix 

9) Clustering does seem to help predictability, but at least with the current data sample, by 

just a negligible amount. 
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5.2.2. Cluster-specific models 

 

Next, we go through the cluster-specific results in more detail. The estimates of customers 

who pay with consulting-related services with the Hybrid payment method from the Solution 

sellers' sales team (cluster 1) are presented in Table 6. According to the model, companies 

belonging to this cluster have a statistically significant tendency towards a positive purchase 

decision when the values of the explanatory variables are 0 (intercept P-value < 5%), even 

though the cluster’s purchase decision data is not hardly skewed (Appendix 6). In addition, 

the price has a statistically significant negative connection with the purchase decision, as 

also in the industries of Arts, entertainment and recreation, Manufacturing, Wholesale and 

retail trade, and Professional, scientific and technical services, varying at 5% and 10% risk 

levels. 

 

Interestingly, no industry has a statistically significant positive connection with the purchase 

decision in the cluster. However, according to intercept's interpretation, the customers of the 

target group are generally inclined to a positive purchase decision. In other words, positive 

purchasing decisions are likely spread across various industries, meaning no single industry 

stands out as exceptionally “good”, even though multiple “bad” industries are found. This 

could be particularly true as the model considers numerous demographic factors and pricing, 

which can affect the statistical significance of individual industries. On the other hand, since 

we limitedly examine the ten largest industries from the data, it may be that rarer industries 

end up with a positive purchase decision more often than the most common industries. The 

situation may result from the Solution sellers sales team contacting usually the industries the 

case company generally interacts with, while also targeting rarer industries when a positive 

purchase decision is anticipated. In other words, it cannot be directly assumed that rarer 

industries would generally buy consulting services more than commonly contacted 

industries - targeted and selective sales could be made to them when an individual sales 

agent expects the purchase decision to be positive. In addition, the coefficients of some of 

the statistically significant industries are relatively small (Appendix 10), which would 
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indicate that companies in these industries could purchase consulting services from time to 

time, although in general, the answer should be rather negative. 

 

 

Table 6: Cluster 1 logistic regression. 

 

The model's predictability as measured by goodness of fit tests is once again questionable. 

The ROC curve mainly follows the no-discrimination line except for a small bump in the 

middle, and the AUC value is about 59%. Interestingly, in contrast to the models using the 

entire dataset, the confusion matrix for the regression model of cluster 1 shows that balanced 

accuracy is slightly higher than standard accuracy (63% compared to 61%). (Appendix 10) 

This indicates that the model has a relatively even distribution of positive and negative 

purchase decisions, and it can be confirmed by comparing the matrices. However, the results 

could be better - according to Positive Predictive Value, when the model predicts category 

1 (buyer), it is right 54% of the time. The predictive capability is not great, which shows 

uncertainty in buyer predictions. According to Negative Predictive Value, when the model 

predicts class 0 (non-buyer), it is correct 73% of the time, which is better than PPV but not 

outstanding. (Appendix 10) 
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In cluster 2, the largest cluster in the dataset, there are three sales teams, but with a focus 

primarily on Volume sellers and Outsourced sales. The common theme among these teams 

is Recruitment and Employment Counselling, with the payment type consistently being 

Financier Pays. Notably, the intercept demonstrates the strongest, most positive, and 

statistically significant relationship to the purchase decision compared to the other 

explanatory variables. This is anticipated as the data inside the cluster is skewed to positive 

purchase decisions (Appendix 6). In this low-cost, efficient and high-volume service theme, 

it would seem that no demographic factor would generally significantly affect the purchase 

decision when compared to belonging to the cluster itself. Although the urban-rural 

classification has a significant negative at the 10% risk level, it has a more minor connection 

to the purchase decision than the intercept. In other words, purely interpreting the 

coefficients, the service theme would seem to sell well, but with a slight emphasis on 

companies located in rural rather than urban areas. 

 

 

Table 7: Cluster 2 logistic regression. 

 

However, as seen in Appendix 11, the model's predictability seems flawed and practically 

comparable to pure chance. The ROC curve goes almost precisely on the no-discrimination 

line, with a total AUC value of 51.5%. In addition, according to the confusion matrix, 

Balanced accuracy is precisely 50%. According to the matrix, the situation arises as the 
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model predicts that all purchasing decisions would be positive (Sensitivity 100%, Negative 

Predictive Value NaN). A skewness to positive results is expected as the purchase decisions 

are mostly positive (Appendix 6), but still clearly all values shouldn’t be predicted as 

positive. As the studied data consists of mostly positive purchase decisions, the model is 

nominally correct more than half the time. In practice, however, the model does not produce 

any added value in terms of forecasting. The conclusion is also easy to make based on the 

Kappa value (0%). (Appendix 11) 

 

As the last cluster-specific models, logistic regressions were made for cluster 4 (Hybrid 

consulting services sold by Volume sellers) and cluster 6 (Entrepreneurship counselling 

services sold by Volume sellers with the Financier Pays payment type). Cluster 3 (Hybrid 

consulting services sold by Consultants) and Cluster 5 (Consultants' and Solution sellers' 

Internationalization, etc. related consulting services with an exceptional Customer pays 

payment type) were left out of the cluster-specific regression models due to lack of data. In 

the cluster 4 model, only five industries were included, resulting in fewer explanatory 

variables due to limited data. The results in both Cluster 4 and Cluster 6 models were very 

similar. Only the intercepts had a statistically significant and positive connection with the 

purchase decision. 

 

 

 

Table 8: Cluster 4 logistic regression. 
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Table 9: Cluster 6 logistic regression. 

 

The results of the goodness of fit tests were also very similar. The ROC curves did not differ 

much from the no-discrimination line, and the AUC values were minimal, about 56% for the 

cluster 4 model and about 53% for the cluster 6 model. In both models, there were clearly 

more positive purchase decisions than negative ones, which could have been why practically 

all True Negative values were falsely predicted as positive. Kappa was interestingly negative 

for both, although practically zero, which is probably due to the small amount of test data in 

both models. (Appendix 12, Appendix 13) If the amount of data were larger but maintained 

a similar structure to the current training and test datasets, we could expect the models to 

align with the no-discrimination line of the ROC curve. In this case, the adjusted accuracy 

would be exactly 50%. This means the models would incorrectly classify all purchase 

decisions as positive, similar to the behaviour observed in the cluster 2 model. 

 

5.3. Enhancing the models 

 

In the previous paragraph, we presented several reasons why the results of logistic models 

indicate only limited predictive power according to the chosen goodness of fit tests. Most 

models showed that the data, particularly the purchase decisions, were unbalanced. In 

addition, most of the factors used to explain these decisions were not statistically significant. 
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However, creating models from the original data with selected variables is essential. The 

approach allowed us to test whether the models provide a logical, interpretable, and 

scientifically justified basis for analyzing purchasing behaviour and addressing research 

questions. Additionally, as some cluster-specific models did still have balanced purchase 

data, and if we would had forced the balance beforehand, the true nature of these clusters’ 

influence on purchase decisions could have been distorted. Moreover, the models reflect the 

results of all usable data of the case company using the selected methods but do give a 

partially plain picture of the models’ predictive ability. 

 

Next, for the purpose of the thesis, we will more closely examine the overall ability of 

logistic regressions to explain purchase decisions by optimizing the data and simplifying the 

models' starting points. This way, one can determine whether the purchase decision can be 

explained using the chosen methods and research logic, even if the models are primarily 

optimized to find "good" results. The selected measures are the following: 

1. Undersampling of purchase decisions to get a 50-50 split between purchase decision 

categories, 

2. By making the new data sample into more straightforward clusters with a reasonable 

amount of data, 

3. Standardization of continuous variables, 

4. Simplifying the logistic models by removing dimensions (explanatory variables) 

with the stepwise selection method, and 

5. Testing different thresholds in the confusion matrices. 

 

Initially, we take a random sample of positive purchase decisions corresponding to the 

number of negative purchase decisions, for which we create an entirely new clustering. The 

step removes the skewness to positive results in purchase decisions. Additionally, the 

operation creates a situation that better matches the distribution of purchase decisions in the 

original data. We choose undersampling as the method of balancing the data instead of 

oversampling by simulating more negative results or giving the negative values a higher 

weight, as it is easier to interpret the results more reliably afterwards. Additionally, since the 

model enhancement aims only to demonstrate the effects of data modification on the results, 
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introducing other methods would not be as appropriate at this stage. Undersampling reduces 

the amount of data analyzed, which can increase the risk of insufficient sample size. 

However, it does not negatively impact the interpretability of the results in the same way 

that other methods might, as it avoids potentially distorted starting points for interpretation. 

 

Additionally, when we perform clustering again using a smaller dataset, we aim for fewer 

clusters to further simplify customer profiles. This approach ensures that, despite the reduced 

total amount of data, the resulting clusters are of a reasonable size and can support the 

development of multidimensional logistic models. We also standardize the continuous 

explanatory variables used, as differences in their scales can hinder the results. For example, 

the turnover variable has values between zero and 20 million, whereas many other variables 

are dichotomous. Standardization is done to the variables Revenue 2022, Number of 

employees 2022, Price for customer and Age. Standardization is performed using the scale()-

function, which adjusts the mean of the variables to zero and the standard deviation to one.  

 

Next, we simplify the dimensions of the regression models by including only the variables 

that best explain them through the stepwise selection method. The stepwise selection method 

tries to find a balance between the complexity of the model and its explanatory power. This 

is based on criteria used in model evaluation, such as AIC (Akaike Information Criterion), 

which measures the quality of the model to its complexity. The procedure utilizes the step()-

function, which evaluates the chosen inputs and either removes or adds explanatory variables 

to the model. This adjustment aims to enhance the model's performance while minimizing 

the risk of overfitting. Finally, we analyze whether adjusting the threshold values of the new 

confusion matrices, which determine how predictions are classified as positive or negative 

purchase decisions, enhances the models' predictability. The thresholds are optimized with 

a minimum of 5% variations. The changes are mainly aimed at maximizing the value of 

balanced accuracy. 

 

After undersampling, a total of 565 positive and negative purchase decisions remain in the 

sample (N = 1130). After updating the data, we conducted a new outlier analysis. Following 
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the method used in the original data processing, we removed any combinations of clustering 

variables with fewer than 10 data points. This reduced the total number of combinations 

from twelve to ten. After outlier removal, the final data sample had exactly 1100 data points 

remaining. We conducted clustering with the same variables, and after reviewing the 

dendrograms, we selected the average linkage method, resulting in two clusters (Appendix 

14). 

 

The mean silhouette scores of the clusters were satisfactory (cluster 1 = 0.58 and cluster 2 = 

0.71), and both clusters had a reasonable amount of data (cluster 1 N = 392 and cluster 2 N 

= 708) (Appendix 15). In addition, the clustering logic of the new clusters is appropriate - 

the new Cluster 1 is a more simplified version of the clusters of the entire data that contained 

consulting services and Cluster 2 of the clusters of the whole data that contained counselling 

services. Additionally, the dividing factor could be the payment types – Cluster 1 includes 

all customer of the Customer pays and Hybrid payment type, whereas Cluster 2 consists only 

of Financier pays payment type (Figure 15). In the new clusters, Cluster 1’s purchase 

decisions are more often negative than positive, as the relative frequency of positive 

purchases is 36% in the cluster. In Cluster 2, positive purchases are more common, as they 

reflect 58% of the cluster’s data. (Appendix 6) 

 

  

Figure 15: New clusters with enhanced data. 
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We continued with these clusters to create logistic models. All the coefficient tables of the 

full enhanced data models can be found in Table 10. The data, without clusters or classes, 

contains only two statistically significant variables—price and construction industry—along 

with the intercept. When clusters are considered, cluster 2 is also statistically significant 

(cluster 1 was used as a comparison group). When all potential combinations of the 

clustering variables are used as explanations instead of the clusters, no variable has a 

statistically significant connection with the purchase decision (class 2 was used as a 

comparison group). 

 

 

Table 10: Coefficient tables for full enhanced data logit models  

 

The results of the goodness of fit tests and visualizations of the selected explanatory variable 

coefficients, obtained using the stepwise method, are presented in appendices 16, 17, and 

18. The results show that the measures taken did not significantly improve the goodness of 
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fit of the results. Among all models evaluated on the entire dataset, logistic regression, which 

utilizes all potential combinations of clustering variables (classes) as explanatory variables, 

achieves the highest AUC value of approximately 61%. Still, the difference is minimal 

between the model where the explanatory variables included clusters (about 59.2%) and the 

model with no classes or clusters (about 58.6%). The differences between the class and 

cluster logistic models may suggest clustering may have resulted in oversimplification of the 

clustering variables, as the AUC value of the logistic model with classes is a couple of 

percentage points higher than that of the logistic model with clusters. Moreover, the better 

AUC value compared to the model without clusters or classes suggests that including 

clustering variables generally enhances the models' predictability. However, the conclusion 

should be considered suggestively since the difference is only a few per cent. The best 

balanced accuracy value is also obtained by the model that considers the class variables, 

62%, which, however, is not a very large and clear improvement over the previous models 

of the whole data. 

 

The cluster-specific logistic models of the new clusters also lost many original explanatory 

variables after the stepwise method. In the new Cluster 1, only the intercept is statistically 

significant, but in Cluster 2, the intercept, Age, and the industry's Construction, Professional, 

scientific and technical activities are significant, and the Number of employees is borderline 

close to being one. In the new Cluster 2, the cluster that combines the counselling service 

themes and includes only the Financier pays payment type, a statistically significant and 

positive connection between the purchase decision and any industry is found for the first 

time in all models. (Table 11) 
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Table 11: Coefficient tables of cluster specific logistic models made with the enhanced data. 

 

Interestingly, the direction of intercepts between the two cluster-specific models differs 

(Table 11). As it is negative for Cluster 1 and positive for Cluster 2, one could argue that the 

situation reflects a buy and a no-buy division of the clusters. Even though both clusters 

include both positive and negative purchase decisions, the nature of the intercepts’ 

coefficients signal whether positive purchases dominate the clusters.  Overall, it would be 

fair to say that focusing marketing and sales to cluster two compared to cluster 1 could yield 

to higher number of purchase decisions according to historical data, even after the skewness 

of the positive purchase decisions had been removed. The same can be seen from the relative 

frequency distributions of purchase decisions in the clusters (Appendix 6). 

 

Additionally, as the Number of employees remains in the Cluster 2 model as an improving 

factor after the stepwise method, a conclusion could be made that counselling services are 

usually purchased by young companies that employ more rather than fewer employees 

(Table 11). Relating the conclusion to the recruitment and employment counselling service 

theme which makes the largest part of the cluster, it could be that counselling is more likely 

purchased after an employment effect has already been created. This means companies 

would acquire the counselling reactively rather than proactively before potential first 

recruitments. However, the variable is just outside the limit of significancy if 10% risk level 

is used, so no definite conclusions can be drawn. Also notably, the variable was even a few 

percent less significant in the original data’s cluster 2, which consisted purely of the 
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recruitment related counselling theme. Nevertheless, the insignificant coefficient was at least 

positive.  

 

The AUC value of cluster 1 was the highest of all cluster-specific models (about 66%), 

although still insufficient if the model were to be considered a good prediction. In addition, 

the AUC value of cluster 2 was surprisingly bad, 48%, which indicates problems in the 

model's settings. On the other hand, by reducing Cluster 2's confusion matrix threshold by 

5%, Adjusted accuracy is 50% and Kappa 0.01, i.e. the model's predictive ability is 

practically no different from chance. The ROC curve also runs along the no-discrimination 

line, except for a few minor bumps. (Appendix 19, Appendix 20) 

 

As a whole, enhancing the models by equalizing the studied data, simplifying the studied 

clusters, standardizing continuous explanatory variables, reducing the examined dimensions 

and modifying the threshold of the confusion matrices, even without always a clear empirical 

reasoning, did not significantly improve the predictability of the models. In the conclusions, 

we present assessments of the underlying causes of the phenomenon, evaluate the practical 

conclusions of the results, and review suggestions for modelling the investigated theme in 

future studies. 
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6. Conclusions 

Customer profiling and evaluation of the factors influencing purchase decisions can clarify 

who the company's core customers are and how sales and marketing can be targeted more 

effectively at them. Customer profiling was especially interesting for the case company due 

to the expanded range of services. Generally, it is a good thought to segment customers when 

customer transaction records grow or when competition in the industry intensifies (Chan et 

al., 2007; Shapiro et al., 1984). Similarly, such measures help identify and maintain potential 

valuable customers in greater volumes (Chan et al., 2007). Moreover, identifying customers 

helps companies analyze markets, choose key markets and manage sales and marketing 

(Shaprio et al., 1984). 

 

We approached customer profiling using the single, complete and average linkage methods 

of hierarchical clustering, where the dissimilarity measure was made using Gower's distance. 

Average linkage outperformed other methods by being the first method where all clusters 

exceeded the 0.6 threshold of satisfactory average silhouette scores and formed six distinct 

clusters. The clusters were logically distinct based on the service theme, sales team, and 

payment type, confirming the success of the clustering. While the usual framework RFM 

focuses on purchase recency, frequency and monetary value, clustering based on service 

theme, payment type, and sales teams directly reflects operational variables that likely 

influence purchasing decisions and are important indicators for the case company, especially 

as previous purchase history is unavailable in great numbers. The approach could 

complement traditional methods by offering insights into service-oriented clustering of 

customer profiles. According to the dendrograms of each method, the clustering was 

influenced especially by the variable payment type at high y-axis levels. Later, clustering 

seemed to be influenced by the chosen service theme and, lastly, by the sales teams. Based 

on the clustering results, the case company has six distinct customer profiles, or two profiles 

if we create the clusters using balanced purchase decision data. It is good to consider the 

contents and differences of the different clusters in the company's sales and marketing 

efforts. 
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Variables influencing purchase decisions and their predictive ability were analyzed using 

logistic regression. The predictive ability of the models remains weak: Models created with 

and without clusters or classes demonstrated relatively low AUC values (59%–66%) and 

lacked performance in identifying both buyers and non-buyers. The models' high sensitivity 

but poor specificity and low Kappa values indicate a bias toward predicting positive 

purchase decisions. Logistic regression is widely used in purchasing decision prediction, 

particularly for binary outcomes (Yeung et al., 2011; Yeh et al., 2010). However, as seen in 

this study, the predictive power of logistic models is often limited when they are done based 

solely on firmographic or contextual variables from the clusters. This research aligns with 

earlier findings (e.g., Ferber, 1962; Gupta & Chintagunta, 1994) that demographic data tends 

to add limited predictive value, even though Purchasing history was not used as an 

explanatory variable, which was one of their limitations. Conversely, Islam et al. (2022) 

challenge this view, suggesting that demographic data could have predictive power in cases 

where purchasing history is unavailable. This study somewhat supports Islam et al.'s (2022) 

claims, as demographic factors like the construction industry and age emerged as significant 

in some models. However, their influence was context-dependent and often weak, in 

addition to the low predicting ability of the whole models. Some suggest that logistic 

regression models could be combined with techniques like neural networks and SVMs to 

improve predictive accuracy (Gan et al., 2005; Hu et al., 2020). The low AUC values indicate 

potential for improvement with alternative methods that can capture non-linear relationships, 

as logistic regression relies on linearity in the logit function. 

 

Moreover, cluster-specific regressions added limited insight. Most explanatory variables, 

including firmographic factors, fail to show strong predictive relationships. Cluster-specific 

models generally align with full data models, Reinforcing the weak predictive power. 

Additionally, balancing the purchase decision data, standardizing variables, simplifying 

dimensions through stepwise selection and adjusting confusion matrix thresholds only 

marginally improved predictive accuracy but did not yield substantial results. 
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Overall, the positive connection between intercepts and most models indicates a general 

tendency to make positive purchase decisions. This aligns with the observed data skewness 

in positive purchase decisions. However, the connection is still primarily significant after 

balancing purchase decisions, though then the coefficients change too. The change is the 

easiest to interpret between the enhanced cluster-specific models – in consulting (Cluster 1), 

the connection is negative, but in counselling (Cluster 2), the connection is still positive. A 

straightforward interpretation would be that when customers have to pay themselves 

something (when the payment type is not Financier pays), the general tendency to buy 

services is no longer valid. 

 

We can also see the negative connection between price and purchase decisions across 

various models that include consulting-related service type clusters, which aligns with real-

world intuition and previous literature concerning SMEs' purchase of management 

consulting services (Van Rossem, 2021). However, there were also times when the price was 

not a significant factor. This is mainly related to the models that had a large part of the data 

with the Financier pays-payment type, where the price for the services the customer pays is 

zero. Apparently, when services are "free", the price does not matter so much. 

 

Also, the consistent negative impact of the construction industry on purchase decisions 

appears reasonable. Due to differing operational models or priorities, this sector may have 

less need for the studied services on average, such as consulting or counselling. In models 

with positive intercept, meaning that customers lean toward purchase decisions overall, the 

construction industry still usually shows a statistically significant and negative relationship 

with purchasing consulting services. This context strengthens the interpretation that 

companies from the construction industry are genuinely less likely to buy consulting services 

compared to other industries. Apart from construction, industries rarely show a significant 

relationship with purchase decisions. This could be logical given the diverse applicability of 

the case company's services, which are not specifically tailored to any single industry. 
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Moreover, the significance of younger than average companies making more positive 

purchase decisions, especially in counselling-related services, could signal that young 

companies may be more open to external counselling support. However, as the age variable 

is highly skewed to young companies, only limited interpretation should be made. Lastly, in 

the full data model where clusters themselves are used as explanatory variables, significant 

clusters—such as Cluster 2 and 6 done with the original data or Cluster 2 after balancing the 

purchase decisions, highlight apparent demand within these clusters. The result makes sense 

as these clusters were the ones that included counselling-themed services with Financier 

pays payment type, confirming the conclusions mentioned above. 

 

6.1. Practical implications 

 

The clusters do provide value for interpretation. Although the predictive power of the logistic 

models is limited, the clustering results offer meaningful insights for identifying customer 

segments and understanding their characteristics. Additionally, counselling services exhibit 

interesting purchasing patterns: Recruitment-related counselling may be purchased 

reactively rather than proactively, as companies with existing employees tend to acquire 

such services relatively more often than those that don't. However, a strong conclusion 

cannot be drawn because the employee variable still exceeded the risk level of significance. 

The case company could also consider selling less to the construction industry because of 

negative connections to purchase decisions on multiple occasions. However, as the 

construction industry is the largest client industry for the case company (Figure 9), such 

actions should only be made if the relative number of negative purchase decisions in 

construction is not clearly much lower compared to the overall negative vs positive 

decisions. As such, if the case company starts to sell less to construction companies, it could 

still lose a lot of potential clients. 

 

The case company's marketing could also prioritize Clusters 2 and 6 (or new Cluster 2 after 

balancing purchasing decision enhancement), where positive purchase decisions seem more 

likely according to historical data. In addition, the company could use cluster-specific 
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insights to create tailored marketing messages that resonate with specific customer needs. 

For instance, emphasize cost-effectiveness in marketing to Clusters 2 and 6 or Cluster 2 after 

data balancement, while focusing on strategic value for consulting-related clusters Clusters 

1, 3, 4 and 5 or Cluster 1 after data balancement. 

 

Also, as price sensitivity is less critical in the counselling-related clusters, the company could 

experiment with premium pricing or bundled service packages in these customer profiles. 

For example, customers in counselling-related clusters might benefit from consulting 

services tailored to their specific challenges (e.g., Entrepreneurship counselling clients 

could transition into strategic business consulting). Furthermore, since Price for Customer 

negatively affects purchase decisions, the company could consider implementing value-

based pricing. Alternatively, they could justify a higher price by providing clear ROI metrics. 

In addition, they could offer flexible payment options or discounts in these customer profiles 

to make consulting services more appealing to cost-sensitive customers. 

 

Moreover, the limited impact of firmographic variables in predicting purchase decisions 

suggests the need for richer datasets. The case company could consider conducting further 

studies of purchase decision influencers with additional data, such as past interactions with 

the company (frequency), industry-specific challenges or needs, and use customer surveys 

to capture latent variables like trust, loyalty, or perceived service value, which may enhance 

prediction accuracy. One way to improve the dataset would also be to include such variables 

affecting purchase decisions that previous literature on the management consulting industry 

emphasizes, such as the case company's expertise, competence and industry-specific 

knowledge in different services themes (Van Rossem, 2021). 

 

In data preprocessing, it was necessary to delete many records containing negative purchase 

decisions, contributing to the skewness of the examined purchase decision data. This could 

be because the data collection related to the case company's sales process would commonly 

not be completed when the purchase decision appears or results negatively. Investing in the 

collection of sales data in the current sales process could thus improve the prediction of 
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purchase decisions without including new variables when the amount of available data 

would be larger and correspond better to reality. However, it's important to note that with 

some customers, the sales process may not even reach a stage where the necessary data for 

analysis is generated. An example could be a customer with whom the selected service has 

not even been defined before the sales process has been interrupted. On the other hand, since 

the data from smaller but balanced purchase decisions yielded results similar to those from 

skewed but more extensive purchase decision data, it may be more beneficial to explore the 

addition of other variables to the model or to change research methods in order to enhance 

the model's predictability. 

 

6.2. Contributions and future research recommendations 

 

To conclude, it is good to understand the boundaries of interpreting the research results and 

the limitations presented already in the introduction section. In addition to the limitations 

mentioned in section 1, it should be noted that the regression models could suffer from 

missing variable bias and particularly from missing data bias. The selected methodology 

does not consider this "unknown" factor. Choosing methods that aren't as dependent on 

historical data could yield different results. In addition, as the customer data used in the study 

is from a single company, the results should mainly be interpreted to a limited extent in the 

context of the case company. 

 

Overall, the study highlights the strengths of clustering for segmenting distinct customer 

profiles. Additionally, it suggests good starting points for selecting clustering variables, 

which differ from the RFM framework commonly used in the field. Logistic regression has 

limitations in predicting purchase decisions in complex B2B contexts despite varying 

literature on its effectiveness as a chosen method. By combining these methods, valuable 

insights into customer behaviour can be gained, but further methodological refinements are 

needed to enhance predictive power. 
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The case company and industry research could benefit from studying new additional 

variables that have already been brought up in the industry literature with regression models 

to improve the predictive capability of models. Additionally, by replicating, among others, 

Gan et al. (2005) or Hu et al. (2020) chosen methodology, the studied data could still be 

examined with non-linear methods. Testing machine learning models such as decision trees, 

random forests, or neural networks could be valuable to identify potential non-linear 

relationships. In addition, one could test to balance the purchase decision data differently 

from this study. Using weighting techniques or oversampling to mitigate the skewed 

distribution of purchase decisions instead of undersampling might yield different results. 
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Appendices 

 

Appendix 1. Formulas for confusion matrix performance metrics (Bhandari, 2024; McHugh, 

2012; Kuhn et al., 2023). 

 

When True positive (TP) = A, True negative (TN) = D, False positive (FP) = C, False 

negative (FN) = B: 

 

Accuracy value = (𝐴 + 𝐷)/(𝐴 + 𝐷 + 𝐶 + 𝐵) 

Kappa-value = 
𝑝𝑜−𝑝𝑒

1−𝑝𝑒
, where 𝑝𝑜 = 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 and 𝑝𝑒 =  

(𝐴+𝐶)∗(𝐴+𝐵)+(𝐵+𝐷)∗(𝐶+𝐷)

(𝐴+𝐵+𝐶+𝐷)2  

Sensitivity value = 𝐴/(𝐵 + 𝐷) 

Specificity value = 𝐷/(𝐵 + 𝐷) 

Positive predictive value = ((𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 ∗ 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒)/((𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 ∗ 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒 +

(1 − 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦) ∗ (1 − 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒)))  

Negative predictive value = (𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 ∗ (1 − 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒))/(((1 − 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦) ∗

𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒) + ((𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦) ∗ (1 − 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒)))   

Detection rate = 𝐴/(𝐴 + 𝐵 + 𝐶 + 𝐷) 

Balanced accuracy value = (𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦)/2 

 

  



   

 

  

 

Appendix 2. Relative frequency distribution tables from each clustering variable. 

 

 

 

 

 

 

 



   

 

  

 

 

Appendix 3. A snippet of the studied data anonymized.  

 

 

 

  



   

 

  

 

Appendix 4. Clustering variable categories' initial combinations 

 

 

 

  



   

 

  

 

Appendix 5. Used R-codes and libraries 

 

Clustering Code: Libraries 

1. Readxl - Facilitates reading Excel files into R, commonly used for importing 

datasets. 

2. Cluster - Provides clustering functions like daisy() for calculating dissimilarity 

matrices and silhouette() for evaluating clustering results. 

3. Ggplot2 - Creates visualizations, such as silhouette plots and bar charts. 

4. Dplyr - Enables efficient data manipulation with functions like mutate(), filter(), and 

select(). 

5. Factoextra - Extracts and visualizes clustering results. 

Clustering Code: Functions 

1. daisy() - Computes Gower’s distance. 

2. hclust() - Performs hierarchical clustering with multiple linkage methods (single, 

complete, average). 

3. cutree() - Extracts a specified number of clusters from a hierarchical clustering result. 

4. silhouette() - Evaluates cluster quality by measuring how similar each data point is 

to its own cluster versus others. 

5. geom_col() (from ggplot2) - Creates column plots, such as those for silhouette 

scores. 

6. write.xlsx() - Saves processed datasets to Excel files for documentation or further 

analysis. 

7. mutate() and filter() (from dplyr) - Modifies and filters data for preprocessing before 

clustering. 

8. aggregate() - Calculates summary statistics, such as mean silhouette scores, for 

clusters. 

9. barplot() – Produces bar plots. 

10. par() - Sets layout parameters for plots, such as arranging multiple plots in one view. 

 



   

 

  

 

Logistic Regression Code: Libraries 

1. Readxl - For importing Excel files containing the dataset. 

2. Ggplot2 - Visualizes model outputs, including coefficient plots and ROC curves. 

3. Dplyr - Used for data cleaning, manipulation, and feature engineering. 

4. Broom - Converts logistic regression model outputs into tidy data frames for easier 

interpretation and visualization. 

5. PROC - Computes and plots ROC curves, as well as calculates AUC values to 

evaluate model performance. 

6. Caret - Splits data into training and testing sets (createDataPartition()), evaluates 

classification performance (confusionMatrix()), and offers various modeling tools. 

Logistic Regression Code: Functions 

1. glm() - Fits logistic regression models to predict binary outcomes, with the family = 

binomial argument specifying the logistic link. 

2. predict() - Generates predicted probabilities or classes based on the logistic 

regression model. 

3. roc() and auc() (from pROC) - Measures model discrimination ability and plots ROC 

curves. 

4. confusionMatrix() (from caret) - Summarizes classification performance with 

metrics like accuracy, sensitivity, and specificity. 

5. tidy() (from broom) - Structures logistic regression model results into a clean and 

interpretable format. 

6. summary() - Summarizes the logistic regression model, including coefficients, 

standard errors, and p-values. 

7. geom_bar() and geom_errorbar() (from ggplot2) - Visualizes logistic regression 

coefficients and their confidence intervals. 

8. factor() and relevel() - Converts variables to factors and sets reference levels for 

categorical predictors in logistic regression. 

9. createDataPartition() (from caret) - Splits data into training and testing subsets for 

model validation. 

10. filter() and select() (from dplyr) - Filters rows and selects columns for logistic 

regression input. 



   

 

  

 

General data handling and visualization  

1. paste() - Combines strings for creating identifiers, e.g., combination variables. 

2. levels() - Extracts or modifies levels of a factor variable. 

3. apply() and lapply() - Applies functions over rows or columns of a data frame or list. 

4. grid.text() (from grid) - Adds text to complex plot layouts. 

5. ylim() and xlab()/ylab() - Sets axis limits and labels in plots. 

6. kable() (from knitr) - Formats tables for markdown reports or visualizations. 

7. shorten_label() - Custom function to truncate long category names for better plot 

readability. 

  



   

 

  

 

Appendix 6: The distributions of purchase decisions inside each cluster.  

  

  



   

 

  

 

Appendix 7: Logit model for full data without clusters, visualized coefficients and GOF-test 

results 

   

 

 



   

 

  

 

Appendix 8: Logit model for full data with clusters, visualized coefficients and GOF-test 

results 

 

 

 



   

 

  

 

Appendix 9: Logit model for full data with classes, visualized coefficients and GOF-test 

results 

 

 

 

 



   

 

  

 

Appendix 10: Logit model for cluster 1, visualized coefficients and GOF-test results 

 

 

 

 



   

 

  

 

Appendix 11: Logit model for cluster 2, visualized coefficients and GOF-test results 

 

 

 

 



   

 

  

 

Appendix 12: Logit model for cluster 4, visualized coefficients and GOF-test results 

 

 

 

 



   

 

  

 

Appendix 13: Logit model for cluster 6, visualized coefficients and GOF-test results 

 

 

 

 



   

 

  

 

 

Appendix 14: dendrograms after data enhancement. 

 

 

 

  



   

 

  

 

Appendix 15: silhouette scores for new clusters 
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Appendix 16: Logit model for full enhanced data without clusters, visualized coefficients 

and GOF-test results. 

 

 

 



   

 

  

 

Appendix 17: Logit model for full enhanced data with clusters, visualized coefficients and 

GOF-test results. 

 

 

 

 



   

 

  

 

Appendix 18: Logit model for full enhanced data with classes, visualized coefficients and 

GOF-test results. 

 

 

 

 



   

 

  

 

Appendix 19: Logit model for cluster 1 with enhanced data, visualized coefficients and 

GOF-test results 

 

 

 

 



   

 

  

 

Appendix 20: Logit model for cluster 2 with enhanced data, visualized coefficients and 

GOF-test results 

 

 

 

 


	1. Introduction
	2. Literature review
	3. Theoretical background & Methodology description
	4. Methodology Implementation & Data description
	5. Results
	6. Conclusions
	References

