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ABSTRACT 

This thesis aims to investigate the impact of various compensation and reward scheme components 

on employees' level of compensation satisfaction. The contextual focus is on the management 

consulting industry in Europe. Much is known about the construct of compensation satisfaction, but 

the impact of various components of compensation and reward schemes on the construct has not been 

tested systematically. We seek to address this research gap. 

First, we set out to investigate which compensation component that is most likely to be associated 

with high levels of compensation satisfaction for management consultants. Next, we address the 

potential adjusting effects of individual characteristics on the significance of compensation 

components. Finally, we discuss the implications of our findings for the design of compensation and 

reward schemes in management consulting. 

We develop hypotheses to investigate our problem statement and test them by using a multinomial 

logistic regression model based on a representative data sample. The hypotheses are based on insights 

from expectancy theory, social exchange theory, self-determination theory, crowding theory, agency 

theory and theories of distributive and procedural justice. 

Our main result is that the base salary component is more likely than any other component to be 

associated with high levels of compensation satisfaction. Further, the component related to safety and 

work-life balance is more likely to be associated with low levels of compensation satisfaction, relative 

to other components. We found that the associations between compensation satisfaction and 

compensation components were impacted by a consultant's seniority, location and the size of his or 

her employer. 

We argue that our findings would have at least three implications for the design of compensation and 

reward schemes in management consulting. First, we suggest that management consultancies, above 

all, should prioritize giving their employees a competitive base salary. Second, management 

consultancies should consider whether the allowance component should have a more prominent role 

than the incentive component. Finally, we argue that the safety and work-life balance component may 

have a positive impact on retention, recruiting and reputation. 
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INTRODUCTION 

This section introduces the thesis by providing the background and motivation for the topic of 

compensation satisfaction and by defining the problem statement. Further, we outline the 

delimitations of our investigation. The section then proceeds to discuss the contribution 

(originality) of the thesis before concluding with a reading guide. 

  

This thesis investigates the impact of different components of a consultant’s compensation and reward 

scheme on his or her level of compensation satisfaction. The analysis is based on hypotheses that are 

deduced from exploring various angles of compensation and satisfaction from organizational 

psychology, exchange theory, equity theory and principal-agent theory.  

 

Background and motivation 

"How do you create an organization where people are willing to bring you the gifts of their initiative, 

creativity and passion?"  -  Gary Hamel, 2011 

 

The above statement was made by Gary Hamel during a talk about management innovation and the 

challenges that most companies face. In a fast changing world where companies face global 

competition and disruption from new technologies, organizations need management that supports 

adaptable, innovative and engaging places to work (Hamel 2011; Stockwell 2017). For an 

organization to create such an environment involves, among other things, the deliberate use of 

compensation and reward schemes in order for an organization to incentivize their employees. Such 

incentives must support and foster behavioral outcomes that is in line with the objectives of their 

employer. One of the most common ways for organizations to incentivize its employees is through 

the way that it compensates them. Scholars generally agree that an efficient compensation scheme 

differs in structure depending on the type of work that the given employee is expected to engage in 

(Gagné & Forest 2008). For instance, an employee that is engaged in rules-based and repetitive tasks 

should be assigned a different compensation and reward scheme than an employee that is engaged in 

investigative and creative tasks should. 

 

If we think of what a compensation and reward scheme should help accomplish for knowledge 

workers, it would be something along the lines of what Hamel asks for in our opening statement. In 

other words, an efficient compensation and reward scheme must facilitate the level of effort and 

motivation that is necessary for creative and investigative employees to create value. The contextual 

focus of this thesis is the management consulting industry, in which work is characterized by 

complexity, ambiguity and a focus on co-creation through project teams. The difficulty of properly 



 

3 

 

identifying and measuring the individual performance of a given consultant1 makes it impractical, 

maybe even counterproductive, to utilize common high-powered incentive schemes in an attempt to 

increase the consultants’ level of performance (Saugstrup & Daugaard 2016). With the current 

proliferation of project-based work across many industries (The Economist 2016), figuring out how 

best to foster positive behavioral outcomes is essential. We believe that the management consulting 

industry provides an ideal context for us to investigate the association between high levels of 

compensation satisfaction and the structure of employees’ individual compensation and reward 

schemes. By smarter structuring, we are referring to the structure that most efficiently achieves a high 

level of compensation satisfaction for the individual consultant. Compensation satisfaction is an 

interesting construct to investigate because it is positively related to perceived organizational support, 

which in turn is positively associated with certain desirable outcomes, such as affective commitment 

(Williams et al. 2008) and work performance (Currall et al. 2005), and negatively associated with 

turnover intentions (Williams et al. 2008).  

 

Compensation and rewards play a fundamental role in most people's working lives and many people 

would argue that it is the single most important reason why people work (Rynes et al. 2004). In the 

simplest of terms, compensation and rewards represent the total remuneration (compensation and 

rewards) that an employee receives in return for performing tasks. Few people could probably 

imagine working for free, which makes compensation and rewards necessary to facilitate exchanges 

between employers and employees. However, modern compensation and reward schemes are not 

mere facilitators of exchange. Rather, organizations see compensation schemes as having strategic 

importance (Gardner et al. 2004; Larkin et al. 2012; Bergmann & Scarpello 2002). Two factors 

explain this. First, compensation of employees is one of the largest operating expenses incurred for 

most firms and especially for knowledge intensive firms, such as professional service firms (Kubr 

2002; Gardner et al. 2004). Second, compensation and reward schemes are thought to have an impact 

on employee behavior (Kuvaas 2006; Williams et al. 2008; Ryan & Deci 2000a; Gagné & Forest 

2008; Fall & Roussel 2014).Thus, employers value the ability to design compensation and reward 

schemes that direct the behavior of employees in a way that is in accordance with their organizational 

objectives (Bénabou & Tirole 2003; Gagné & Forest 2008). 

 

Even though compensation and its influence on various attitudes and behavioral outcomes has been 

researched both within the fields of economics and organizational psychology (Pinder 2008), we 

know little about how the respective components influence an employee’s overall level of satisfaction 

with his or her compensation (Currall et al. 2005). In other words, previous research has shed light 

on the overall understanding of how and why compensation satisfaction is beneficial. However, we 

argue that there is currently no definitive consensus on the relative impact of different compensation 

                                                 
1 Sometimes, we refer to management consultants simply as consultants. 
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components on the level of compensation satisfaction. Consequently, this thesis will address this 

research gap. 

 

Problem statement and research focus 

As outlined by the gap in the literature on compensation and reward scheme components and their 

individual effect on compensation satisfaction, we are interested in investigating which of these 

components that has the greatest impact on a management consultant’s level of compensation 

satisfaction. Put differently, we want to investigate the employee side of the story and add insights 

on what the consultants view as the best components of their individual compensation and reward 

schemes.  

 

We will seek to answer the following problem statement: 

 

••• 

Depending on their level of compensation satisfaction, which components are management 

consultants most likely to highlight as the best aspect of their individual compensation and 

reward schemes? 

••• 

 

Additionally, the following three sub questions will guide our investigation too: 

 

1. Which component is most likely to be associated with high levels of compensation 

satisfaction? 

2. How does the individual characteristics of management consultants affect the associations 

between components and compensation satisfaction? 

3. What implications should these associations have for the design of compensation and reward 

schemes? 

 

Delimitation 

Our thesis seeks to provide a snapshot of the current patterns of association between individual 

compensation components and compensation satisfaction. Consequently, we found it appropriate to 

utilize the most recent data available. Our data sample has been gathered over the course of a few 

months in the spring of 2016. We acknowledge that other time windows might have resulted in 

somewhat different results, as external factors such the different stages of the economic cycle may 

affect compensation patterns. Further, we recognize that a more dynamic perspective would have 

provided an extra dimension to our results. A dynamic perspective could have been achieved by 

conducting the same investigation each year over the course of a longer period, to see how preferences 
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and associations might evolve. Still, we believe that our data foundation is adequate, given our 

problem statement and the scope of this thesis. We invite others to explore the various extensions 

mentioned above. 

 

We are exclusively focusing on the association between individual compensation components and 

compensation satisfaction. It is thus implied, as will be accounted for in the literature review section, 

that compensation satisfaction in itself is a desirable outcome, given its positive influences on the 

behavior and attitudes of employees. Further, it is important to stress that our findings are only 

applicable for non-executive consultants. Since the literature on executive compensation is already 

quite extensive (Pepper & Gore 2015), we argue that our contribution to the body of literature on 

compensation would be greater if we focused on non-executive compensation. As we will elaborate 

on in the literature review section, we argue that differences in key factors, such as risk tolerance and 

ability to influence overall performance, increase the likelihood that executive and non-executive 

consultants will have different preferences when it comes to their individual compensation and 

rewards schemes. Hence, we argue that our exclusive focus on non-executive consultants is necessary 

in order to produce meaningful and actionable results. 

 

Further, the potential conflict that may exist between compensation satisfaction and alignment of 

interests between principals and agents is not considered. Although some performance-contingent 

components may be positively associated with alignment of interests and, simultaneously, negatively 

associated with compensation satisfaction, we argue that the tradeoff may be immaterial in our case. 

We argue this because we are dealing with knowledge workers in project teams, in which we expect 

that performance-contingent components play a relatively small part due to the difficulty of 

objectively measuring individual work performance. Further, we do not believe that compensation 

satisfaction, in itself, is positively associated with complacency or shirking. As will be accounted for 

in the literature review, we believe that relatively satisfied employees will work at least as hard as 

relatively unsatisfied employees will, ceteris paribus.   

 

We are only considering the association between various compensation components and the 

corresponding level of compensation satisfaction. Hence, we do not consider whether a component 

is associated with higher motivation (intrinsic as well as extrinsic), since this is a separate construct 

from what are concerned with, namely compensation satisfaction. In other words, motivation and 

compensation satisfaction are two different constructs, which are not to be confused. However, 

current research on compensation does not adequately address the potential impact on compensation 

satisfaction of different compensation components (Currall et al. 2005). Instead, we base some of our 

predictions/hypotheses on motivation research. Figure 1 maps the impact of the two different 

constructs, compensation satisfaction and intrinsic motivation, on relevant behavioral outcomes. As 
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can be seen, autonomous motivation depends upon the satisfaction of psychological needs (feelings 

of autonomy, competence and relatedness) (Ryan & Deci 2000b), which are impacted by the value 

and structure of various compensation components (Gagné & Forest 2008).  

Figure 1: Mapping of compensation satisfaction and intrinsic motivation 

 

Source: Own illustration based on (Ryan & Deci 2000b; Gagné & Forest 2008; Kuvaas 2006; Currall 

et al. 2005; Miceli & Mulvey 2000; Gardner et al. 2004; Dysvik & Kuvaas 2011; Rhoades & 

Eisenberger 2002; Vandenberghe & Tremblay 2008; Williams et al. 2008) 

 

Intrinsic motivation has a positive impact on a number of desirable attitudes and behavioral outcomes, 

some of which are also impacted by compensation satisfaction (mediated by perceived organizational 

support).2 We thus argue that findings from intrinsic motivation, in the absence of extensive empirical 

evidence on compensation satisfaction, will be valuable for making predictions and consequently 

developing our hypotheses. As illustrated in figure 1, we theorize that a similar relationship exists 

between compensation components and compensation satisfaction as there is between compensation 

components and psychological need satisfaction. 

 

                                                 
2 Please note that this section only seeks to clarify why we have included motivation theories. Please refer to the 

concepts and theories section for a more complete review of compensation satisfaction and motivation. 
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Contribution/originality 

This thesis provides a foundation for developing further propositions about the impact of 

compensation and reward schemes on employee behavior.  

 

To our knowledge, this thesis represents the first work on how different components of compensation 

and reward schemes affect compensation satisfaction. Due to its practical as well as academic 

application, researchers have previously called for studies that examine the influence of individual 

compensation and reward scheme components on the overall construct of compensation satisfaction 

(Williams et al. 2008; Currall et al. 2005; Dreher et al. 1988). Thus, our thesis contributes to the 

knowledge about the impact of various compensation and reward components. Further, it represents 

a contribution to the research on how to structure efficient compensation and reward schemes for 

knowledge workers in project teams. 

 

Reading guide 

The overall structure of the thesis is presented as follows:  

 

The first section is titled "Research design and data sampling – methodology". It first introduces our 

methodological considerations for our research design and then continues with an important part of 

this thesis, namely a review of our data and data handling processes, before finishing with a review 

of the underlying theories of logistic regression, which forms the basis for our statistical analysis. We 

present our data sample and analytical framework early on, in order to illustrate what kind of 

confounding effects, i.e., individual characteristics, that we are able to address with our data sample, 

as this influences which hypotheses that we are able to test. This makes us able to tailor the review 

of theories and concepts to fit with the focus of our investigation in the analysis section. 

 

The second section is "Theories and concepts – literature review", which reviews the theories and 

concepts needed to achieve an understanding of the subject and, consequently, to form the hypotheses 

that will guide our investigation. In the introductory part of the section, we provide an overview of 

the theories and concepts that together form the basis for our investigation. Simultaneously, we 

provide the rationale behind our choice of theories.  

 

Next is the "Analysis" section. The section starts out by developing eight hypotheses based on the 

theories and concepts reviewed in the previous section. We then continue with the seven-step model-

building process as outlined in the "Research design and data sampling – methodology" section. We 

present the final predictive model and discuss its implications and limitations. At last, we review the 

results in order to determine whether we support or reject the hypotheses.  
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In the “Discussion” section, we provide a qualitative review of our findings. With our problem 

statement and corresponding sub-questions as the point of reference, we discuss the potential 

underlying reasons behind our findings. We close the section with a discussion of the implications of 

our findings for practitioners. 

 

Finally, in the "Conclusion" section, we provide a review of the main messages from each section of 

the thesis. Furthermore, we provide an answer to our problem statement and three sub-questions. The 

section concludes with a review of potential limitations and suggestions for further research. 
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RESEARCH DESIGN AND DATA SAMPLING – METHODOLOGY 

This section seeks to provide an overview of our research design in order to clarify the particular 

form of research that we will conduct. We will elaborate on the specific choices that we have made 

in terms of research paradigm, data gathering and data analysis. Further, we will elaborate on the 

sampling methodology behind our data sample, including a discussion on the reliability, validity 

and representativeness of the data. Lastly, we will provide an analysis on the most obvious potential 

confounding variables as well as how we have sought to control for them. 

 

Research design 

The following section seeks to outline our research paradigm, data gathering and data analysis 

approaches. We will not go into detail about each particular choice that we have made in terms of our 

approach to knowledge creation, although we acknowledge that there are other methods with which 

to investigate our problem statement. Yet, we believe that the research design that we have chosen 

for our thesis is well grounded, as we will illustrate in this section. We have chosen to adhere to 

O’Gorman & MacIntosh's (2015) Methods Map (figure 2), which offers a structured approach, 

consisting of five layers of interlocking choices that together describes a research design.  

Figure 2: Method Map, with five interlocked layers of choices that together form a research design 

 

Source: Own simplification of the Method Map illustration (O’Gorman & MacIntosh 2015, p.51) 

 

Although one is essentially free to make any choice along the five layers, different established 

paradigms tend to follow a certain set of choices through the method map to project some level of 

consistency and comparability between research projects that deal with the same subject (O’Gorman 

& MacIntosh 2015; Bryman & Bell 2011). Still, novel combinations of choices along the five steps 

of figure 2 may provide new insights into a given subject (O’Gorman & MacIntosh 2015). 
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Consequently, we will make sure to elaborate on the choices that we have made that together make 

up our research design. 

The first step in the method map is to articulate the ontology of our thesis. Ontology may be defined 

as the study of being or the study of reality. In other words, ontology deals with how we perceive 

reality (O’Gorman & MacIntosh 2015; Bryman & Bell 2011). The two commonly described 

ontological perspectives are objective and subjective, respectively. An objective ontological 

perspective entails that one assumes that the given reality being investigated is made up of objects 

that can be measured and tested. These objects exist independently of our level of comprehension of 

them (O’Gorman & MacIntosh 2015). For instance, the length of a wall is the same, regardless of 

whom measures it. On the other hand, a subjective ontological perspective “…looks at reality as 

made up of the perceptions and interactions of living subjects” (O’Gorman & MacIntosh 2015, p.56). 

For instance, individuals may respond very differently when asked about the quality of a particular 

music genre. It is important to note that, although commonly defined as each other’s polar opposites, 

subjective and objective ontological perspectives are not mutually exclusive, with researchers often 

outlining their ontological perspective somewhere in between (O’Gorman & MacIntosh 2015). For 

instance, the construct of compensation satisfaction is a central element in our thesis. Compensation 

satisfaction may be characterized as an attitude toward an object, in our case one’s compensation and 

reward scheme (Pinder 2008). Attitudes are influenced by our beliefs about the given object as well 

as our personal values, which are subjective constructs defined by an individual’s culture and 

experiences (Pinder 2008). These insights would seemingly preclude us from considering 

compensation satisfaction through an objective ontological perspective. However, compensation 

satisfaction is a defined theoretical concept (Williams et al. 2008), which we are measuring through 

survey responses in order to quantify it so that we can look for statistically significant associations in 

order to verify or reject hypotheses. Further, the data that we are using is examined in a way that 

allow findings to be generalized across the population of interest. Such a design is invariably 

positivistic, an epistemological tradition that is commonly associated with an objectivist ontological 

perspective (O’Gorman & MacIntosh 2015). Thus, while we recognize that the concept of 

compensation satisfaction may mean different things to different people, we argue that our 

ontological perspective is predominantly objectivistic, in the sense that we have operationalized the 

concept of compensation satisfaction so that we can measure its intensity and test for certain 

associations. 

Next step on the method map (figure 2) is Epistemology, which is the study of knowledge. 

Epistemology is concerned with how we determine what constitutes reliable knowledge (O’Gorman 

& MacIntosh 2015). It is important to determine the coherence “…between the assumptions we hold 

about reality (ontology) and the ways in which we might develop valid knowledge (epistemology).” 

(O’Gorman & MacIntosh 2015, p.59). The two contradictory epistemological approaches are 
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positivism and interpretivism3. Several other epistemological approaches have been articulated, 

amongst them critical realism and action research, but all of them may be understood, at least at a 

basic level, as some sort of compromise between the positivist and the interpretivist approaches 

(O’Gorman & MacIntosh 2015). Fundamentally, the knowledge creation that positivism and 

interpretivism engage in have fundamentally different aims. Positivism seeks to explain an objective 

reality through the focus on facts, causality and the measurement of operationalized concepts. On the 

other end of the spectrum, interpretivism seeks to understand social phenomena (O’Gorman & 

MacIntosh 2015). Although positivism has been traditionally associated with the natural sciences, it 

is also a popular approach in business research, probably due to the fact that the kinds of data used in 

in business research is often objective and precise, although often qualitative at the outset (O’Gorman 

& MacIntosh 2015).  

We argue that our research paradigm is firmly rooted in positivistic epistemological approach. While 

we may employ a positivistic approach, we are still within the realm of social science, in which 

theories cannot be deemed true or false, as in the natural sciences, but only more or less appropriate, 

given the specific context that is being investigated (O’Gorman & MacIntosh 2015). We did 

contemplate supplementing our data sample with interviews with management consultants in an effort 

to reach an understanding of the social phenomena underlying the attitudes towards different 

compensation components. An interpretivist technique like interviews might have added an 

alternative perspective to our findings. However, given that our problem statement is concerned with 

identifying causal relationships, or at least associations, between compensation satisfaction and 

different compensation components, we believe that our data sample would suffice.    

Next up in the Method Map is data gathering considerations. Each research paradigm have established 

traditions for preferring to work with certain types of data in certain ways (Papachroni & Lochrie 

2015). A positivist research paradigm, when used in relation to business research, will tend to utilize 

observations from surveys, questionnaires and relevant databases, preferably in large amounts and 

gathered in a way that make generalizations about populations possible through statistical processing 

of the data in order to test hypotheses (Papachroni & Lochrie 2015). Such data represents the 

quantification of the amount and intensity of a given phenomenon, in our case compensation 

satisfaction. We exclusively employ secondary data, gathered and made available by Vault.com, a 

well-established career website focusing on management consulting and certain other professional 

service industries. Secondary sources are a cost-efficient alternative to primary data sources. Further, 

in our case, the number of observations, gathered from across Europe, would have been impossible 

for us to have gathered on our own, given the resources that we have available. Many successful 

research projects within business research, published in some of the most prestigious journals in the 

world, have chiefly relied on secondary data for information on their subject (Papachroni & Lochrie 

                                                 
3 Also called a constructivist approach (Bryman & Bell 2011) 
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2015). Of course, some caution is merited when relying on secondary data, especially concerning its 

reliability and representativeness (Papachroni & Lochrie 2015). We will address both concerns in the 

section on sampling 

The last choice to make in determining our research method, according to the Method Map, is which 

data analysis method to employ. Most scholars work with two general approaches, deductive and 

inductive (O’Gorman & MacIntosh 2015). We are mainly employing a hypothetico-deductive 

paradigm, in which the researcher formulates testable hypothesis on the basis of established theories 

(Taheri et al. 2015). This hypothesis-based approach is broadly accepted within business research 

(Taheri et al. 2015). A deductive approach is consistent with the choices that we have made 

throughout the Method Map. Further, it adds some desirable features to our overall research method, 

such as a structured and systematic approach to knowledge creation, along with a focus on statistical 

analysis, and a research design that focuses on reliability that is both replicable and valid (Taheri et 

al. 2015). 

Having established which overall research method to employ, the next section will elaborate on the 

considerations that we have made in relation to the data that we use. 

 

Sampling 

In order to increase the applicability of our review of relevant theories and concepts, we will first 

account for the sampling process, including a review of the variables that will feature in our model. 

This section seeks to clarify the data handling process, including the underlying methodology that 

determines how each observation has been classified. 

The analysis of our population of interest, reputable management consultancies in Europe (to be 

defined below), adds to the growing body of research on management consulting, which has emerged 

in the past two decades (Kipping & Clark 2012). As such, it also shares one of the main challenges 

of the research area, namely the difficulty of conducting an unbiased, independent sampling of 

industry-specific data, in a format that is appropriate for statistical analysis and hypothesis testing. 

This challenge is generally because of the reluctance of consultancies4 to share data that many of 

them want to withhold due to concerns over confidentiality, both in terms of client data and in terms 

of their own modus operandi (Kubr 2002). The fact that this thesis deals with compensation further 

complicates the confidentiality issues associated with obtaining such data from a range of (competing) 

management consultancies, as many of them are likely to treat such information as sensitive. 

Consequently, collecting enough primary quantitative data to make statistically significant inferences 

would not be possible within the scope of this thesis. Further, an observational (case-based) method 

                                                 
4 Sometimes, we refer to management consultancies simply as consultancies 
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would severely limit the application and generalizability of the results. Fortunately, we were able to 

locate a database with valid, reliable and recent data, as explained below. 

This thesis uses secondary data collected by Vault (Vault.com). Vault is an online database and web 

portal, which provides career advice and job information through articles, blogs, videos, and company 

rankings. The website is primarily aimed at students that are considering pursuing a career within the 

professional service industries, including management consulting. The company was founded in 1996 

and is based in New York City (Bloomberg 2017). Since 2007 Vault.com has been owned by the 

private-equity firm VSS (VSS 2017), which specializes in information, business services, healthcare 

and education industries. Vault’s rankings are well respected and popular,5 which indicates that 

practitioners and prospective candidates perceive its rankings as quite informative. We do not have 

any reason to believe that Vault has an ulterior motive with its rankings other than retaining their 

current popularity by keeping them as accurate and unbiased as possible. Further, we see it as a sign 

of integrity that Copenhagen Business School, along with many other universities, pay to provide 

their students with free access to Vault’s rankings and career content. We have not encountered any 

publicly accessible ranking of management consultancies in Europe that is as prevalent as Vault’s 

rankings. Consequently, we believe that Vault’s ‘Top 25 Europe’ is the best choice available for 

which to base our data sample on.  

In order to produce its rankings, Vault collects data from management consultancies through surveys, 

in the form of questionnaires, distributed directly to consultants who are employed at firms that are 

participating in the given survey (Vault.com 2017). We used the data from Vault.com's "Vault 

Consulting 25 Europe" ranking, which consists of the 25 highest ranked companies among Vault's 

respondents. The ranking of each firm is based on their employees’ responses in the survey. The 

respondents rate their employer on seven distinctive parameters, namely: prestige (30%), satisfaction 

(15%), firm culture (15%), compensation (15%), work-life balance (10%), business outlook (10%) 

and promotion policies (5%). Consultants are only allowed to rank their own firms, except when it 

comes to prestige and practice area, where consultants are only allowed to rank competitors 

(Vault.com 2017). To gather the data that we needed for our analysis, we investigated each survey 

response, from all 25 participating firms, to gather their individual answers to questions that related 

to the compensation parameter. Unfortunately, Vault does not provide its data in a convenient format, 

like excel or csv. Therefore, we had to manually extract the data from Vault.com (see figure 3 for an 

example on how each survey response, specifically for the compensation parameter, is presented on 

Vault.com). 

 

                                                 
5 A quick desktop search on “management consulting industry rankings” shows that reputable business media outlets 

such as Bloomberg, Forbes and Business Insider all refer to Vault’s rankings 
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Figure 3: Observation example 

 

Source: (Vault.com 2017) 

 

All responses for each participating consultancy is found on a separate webpage, meaning that, in 

addition to the info that figure 3 provides, we are aware of which company that a given employee 

works at. Consequently, it is possible to extract the following independent variables from each 

response6: 

1. The respondent’s company (Company) 

2. The respondent’s level of compensation satisfaction (Star-rating) 

3. The respondent’s level of seniority (Level) 

4. The respondent’s area of expertise (Practice area) 

5. The location of a respondent (Location) 

The following subsections will elaborate on these five variables. We will focus on how they may 

assist in providing a more complete illustration of the factors that determine which component that 

management consultants highlight as the best aspect of their compensation and reward scheme, 

dependent on their individual level of compensation satisfaction. 

Company 

Abowd et al. (1999) have found that the size of the employees’ salaries tend to rise along with the 

size of the company that they work for. Consequently, rather than dividing the data across 25 

categories, each category representing one of the twenty-five companies, we found it more 

appropriate to classify each observation in terms of the size of their employer. We have thus 

aggregated our observations based on the size of the consultancy that the individual consultant works 

at. We initially determined the size of each firm both by looking at their number of employees and 

their number of offices globally (see appendix 1). Each firm’s number of employees were based on 

their self-reported number on linkedin.com, whereas information on the number of offices was 

available from Vault (Vault.com 2017). From the data, it is evident that the average number of 

consultants per office differ across companies. Therefore, we chose to categorize the companies as 

                                                 
6 We will refer to an individual response as an “observation,” as this is the preferred term for a data point in statistics  
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small, medium or large based solely on the number of employees, although still using the respective 

number of offices to validate the estimated number of employees. We chose to categorize small 

companies as those with <200 employees, medium companies as those with 200-1000 employees and 

large companies as those with >1000 employees. Of course, one could have used different ranges. 

We chose these ranges because the firms that were consequently grouped together shared some 

commonalities in terms of the number of services that they had specialized in, as well as the number 

of industries in which they were advising clients.  

Firm value or firm revenue could have been alternative ways of measuring company size, but such 

data is not publicly available for all firms in our sample, and certainly not on a global scale. However, 

given that revenue generation for management consultancies, as with most other professional service 

firms, is based on selling their expertise through project work, we believe that the number of 

employees is a good measure of the size of a management consultancy. 

Star rating 

The star rating provides an indication of the level of compensation satisfaction of each respondent. 

Each individual consultant provides an overall ranking of her satisfaction with her total compensation 

and reward scheme. The star rating is essential in our efforts to provide a satisfactory answer to our 

problem statement, as this is the variable with which we measure the individual compensation 

satisfaction of each respondent. Through the star-rating variable, we are able to investigate whether 

certain compensation components are associated with higher (or lower) levels of compensation 

satisfaction, relative to other compensation components. The exact wording of the question given to 

the respondents was: “On a scale of 1-5, rate your overall satisfaction on your firms salary & 

benefits.” (Appendix 2). We believe that the question is written in a neutral wording, ensuring that 

each observation is an adequate and fair representation of the given respondent’s individual level of 

satisfaction. 

Level 

Our analysis focuses exclusively on non-executive employees. Although the Vault ranking did 

contain some responses from partners and other executives, according to principal-agent theory, their 

risk tolerance is likely be much greater than non-executive employees, which entails that they will 

have other preferences in terms of their compensation and reward schemes (Hendrikse 2003). In 

management consulting, as in many other professional service industries, partners7 are responsible 

for making sure that as many employees are staffed on external projects as possible (Kubr 2002). 

They achieve this by selling projects to new and existing clients. Thus, it is quite straightforward to 

                                                 
7Our sample consists primarily of firms that are structured as partnerships. A few of them, however, are public 

companies, which do not have partners in the same way as a partnership has. Still, even those consultancies that are 

publicly held will often use the term ‘partner’ to refer to an executive employee. Therefore, when referring to partners 

(at partnerships) and executive employees (at corporations), we will just say partners. 
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make a significant part of their total compensation contingent on the value of the projects that they 

are able to sell. This is not true for consultants, which are often staffed on a single project at a time. 

To sum up, we believe that it does not make sense to look at both executive and non-executive 

compensation simultaneously, as the factors that determine one’s compensation are simply too 

different from each other. Please refer to the management consulting sub-section of the literature 

review section for a more elaborate description of the structures of a management consultant’s work. 

The literature on non-executive compensation in professional service firms is quite limited compared 

to literature focused on executive compensation (Murphy 1999; Petersen et al. 2009; Andreas et al. 

2012; Thomsen & Conyon 2012). This is true, despite the potential benefits of defining compensation 

and reward schemes for non-executive employees that are able to efficiently foster high levels of 

compensation satisfaction. Therefore, we argue that the value that we are able to contribute to the 

existing literature on compensation in professional service firms is greater if we focus on non-

executive compensation. Thus, our population of interest is non-executive employees at reputable 

management consultancies in Europe. We have divided the observations into three categories of 

seniority, as defined by Vault, namely (1) Entry, (2) Mid and (3) Experienced, and left out any 

observations that Vault has categorized as Executive. 

Practice area 

This variable represents which practice area that each respondent operates in. Practice areas include 

Strategy, IT, Procurement, M&A, etc. Unfortunately, a significant share of the respondents did not 

provide this information. Having many non-responses in a data sample makes any statistical analysis 

less applicable and, if there are too many of them, the given variable should be disregarded entirely 

(De Laurentis et al. 2010). Thus, unfortunately, we are forced to disregard the practice area variable. 

While this is unfortunate, it lessens the complexity of our final model by decreasing the number of 

variables it contains. Though a model that contains all relevant variables may be better at explaining 

reality, it may defeat its own purpose if it is no easier to understand the model than it is to understand 

the reality, which the model was supposed to be a simplification of. Still, we invite others to 

investigate the impact of this variable on our problem statement.  

Region 

In order to assess and to control for important similarities and differences between different countries, 

we use the OECD's Better Life Index (OECD 2015) to group the observations based on the countries 

that they are based in. The OECD report indexes countries based on 11 parameters that the OECD 

characterizes as relevant aspects in describing the general well-being of the countries’ residents. 

These parameters cover both economic, social and environmental dimensions. For the purpose of this 

thesis, the following four parameters was identified as relevant for our research focus: 
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 Labor market insecurity. This dimension is a measure of how costly it is to become 

unemployed. The cost of unemployment is measured by looking at the expected earnings loss 

associated with unemployment, considering both the probability of being unemployed, the 

expected duration of unemployment periods and the availability of insurance or equivalent 

benefits.  

 Household net adjusted disposable income. This dimension measures the income available in 

a household after taxes. The OECD uses Purchasing Power Parity (PPP) to adjust for 

differences in prices across countries. 

 Quality of support network. This dimension measures the percentage of residents with positive 

social relationships. OECD defines a positive social relationship as someone that you are able 

to count on in times of trouble. 

 Employees working very long hours. This dimension measures the percentage of the working 

population that works more than 50 hours per week. 

We consider these parameters relevant because they help illustrate similarities and differences across 

countries in terms of job security, income level and work-life balance – all of which may influence 

which component of her compensation and reward scheme that a consultant would highlight as the 

most important. We believe that the ‘labor market insecurity’ parameter provides the greatest amount 

of relevant information, relative to the other three parameters, as it encompasses several relevant 

dimensions, such as unemployment rate, labor market flexibility and the availability of 

unemployment benefits, as explained above. We believe that these factors may have an influence on 

an employee’s risk tolerance and, consequently, her preferences in terms of how she would like her 

compensation to be structured. Thus, we have given this dimension a double weighting (0.4 out of 1), 

while the remaining three parameters each have a weighting of 0.2 out of 1.  

We acknowledge that this approach to control for country-specific factors is not the only way to do 

it. We could have utilized other criteria or another data source. However, we argue that the chosen 

OECD dimensions constitute a good solution. Further, the OECD is a trusted source of data, which 

happen to include 19 of the 21 countries that the respondents of our data sample are based in, allowing 

us to base the Region variable on a single source, which constitutes a major advantage in terms of us 

striving to provide an unbiased assessment of each country. A single source makes it easier (and less 

biased) for us to compare countries and hence produce rankings, since we may reasonably presume 

that the same survey methodology has been applied across all countries. 

Based on the four dimensions, the 21 countries in our sample have been divided into four groups, 

each of which display similar properties. We have done so through a simple ranking system, where 

each country received a ranking relative to the others on each dimension, from one (best) to nineteen 

(worst). The overall ranking is a weighted average of the four dimension rankings. Subsequently, 

countries with similar scores were grouped together (see figure 4).  
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The United Arab Emirates and Romania do not appear in the Better Life Index in 2015 and have thus 

both been assigned to group 4, considering other sources (The World Bank 2016; Eurofund 2009). 

We consider them to share the characteristics of group 4 for various reasons. UAE offers little or no 

help in case of unemployment, working hours are long, benefits associated with maternity/paternity 

leave are below the OECD average and there are no rules for severance pay (The World Bank 2016). 

Similarly, according to Eurofund (2009), a significant share of the Romanian workforce work very 

long hours, have a low average income level, and is not entitled to any significant unemployment 

benefits.  

Figure 4: Grouping of countries 

 

Source: OECD (2015). See Appendix 3 for the underlying calculations 

 

Group 1 generally consists of countries with low levels of labor market insecurity, a very low share 

of employees working very long hours and high levels of household disposable income. (Score 

interval: <1.7). 

Group 2 is quite similar to group one, but these countries have slightly higher levels of job market 

insecurity. (Score interval: 1.7: 2.1). 

Group 3 have higher shares of employees working very long hours, medium levels of labor market 

insecurity and medium levels of household disposable income. (Score interval 2.45: 3.2). 

Group 4 have the highest level of job insecurity and generally a higher percentage of employees 

working very long hours. Furthermore, many countries in this group have adjusted household 

disposable incomes in the lower ranges of the sample. (Score interval: >3.2).  

Note that some of the countries that are not in group 1 are known to have rigid labor markets (France, 

Sweden, Germany, etc.), in which firing employees is very difficult, while some countries in group 1 

have very flexible labor markets (Denmark, Switzerland), in which hiring and firing employees can 
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be done fairly easily. This is because that the labor market insecurity parameter is more concerned 

with the unemployment rate and the average length of unemployment spells. Since countries with 

rigid labor markets often have a relatively high unemployment rate, they are likely to score lower 

than countries with flexible labor markets, all else equal (OECD 2015).    

Outcome variable grouping 

The bottom part of figure 3 is a "Salary & Benefits Review", in which each respondent has been asked 

to elaborate on the best (and worst) aspects of their firm’s compensation package. The actual wording 

is “Please feel free to comment on your firm’s salary and benefits” (Appendix 2). As the survey 

design is not multiple choice, but rather free-text, modifications are needed in order to fit the outcome 

variable to a statistical model. In other words, we had to categorize the comments in order to work 

with them statistically. In order to do this properly, we defined some clear rules on how we determined 

which category that a given observation was assigned to. We did not encounter any observations with 

which we were uncertain about which category to assign it to. We are confident that anyone else, 

using the same criteria for classification as we employed, would have arrived at the same distribution 

of observations across the six categories. 

We read the entirety of the response for each observation and noted down the one single component 

that was highlighted as the best part of their compensation and reward scheme. In cases where more 

than one component was mentioned, without specifically selecting one as the best aspect, we noted 

the first one to be mentioned. Note that observations with no response were excluded. Further, 

observations that were referring to something else than compensation, e.g., “we have grown a lot over 

the last few years”, were excluded as well. 

During the categorization process, we identified six logical overall categories that the responses could 

be grouped into (see figure 5). We divided the responses into three 3 main compensation categories: 

(1) pay, (2) benefits and (3) administration.  

The first subcategory of pay is "base salary", which includes all fixed cash-in-hand payments. In other 

words, the weekly/monthly paid salary. Further, observations where references to "total salary" are 

mentioned as most important are also categorized as base salary, as such statements are quite likely 

to refer mainly to fixed payments given its relative high share (>75%) of most consultants total 

compensation (Inside Careers 2016).  

The second subcategory of pay, incentives, include all explicit variable payments, primarily in the 

form of various performance-related bonuses.  
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Figure 5: Categories and allocation criteria 

 

Source: Own creation based on (Milkovich et al. 2011; Williams et al. 2008) 

 

The third subcategory of pay, merit pay, which may also be called ‘salary progression’, includes all 

statements that refer to any potential (but not realized) salary increases, including salary increases 

associated with promotions, etc. 

The first subcategory of benefits, allowances, include all allowances, or ‘perks’, that are either 

pecuniary in nature or provides access to immediate benefits that is easily valued in monetary terms, 

such as accommodation, a company car, free meals, etc. These are often quite substantial in value-

terms for consultants, as many consultants spend up to four days a week at the client site, which 

means that they can save significant amounts of money if they are able to expense most of their costs 

(Kubr 2002).  

The second subcategory of benefits, safety and work-life balance, includes all aspects of employer 

insurances (pension, health, travel, families etc.) as well as all policies on leave of absence and other 

work-life balance initiatives. These include maternity/paternity leave, general leave, part-time work, 

telecommuting and the like. These sub-components are grouped together because they all relate to 

what broadly can be described as "income protection", which refer to components that provides some 

level of insurance against personal hardship in the event that an employee’s personal circumstances 

change (Milkovich et al. 2011).  
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The only subcategory relating to Administration, Clarity and fairness, is unlike the other categories. 

It is not related to the form or size of the total compensation. Rather, it is concerned with the 

governance and transparency of the consultant’s compensation and reward scheme. The subcategory 

encompasses responses that highlighted transparency regarding how compensation is determined, 

such as the use of meritocratic practices, transparency about compensation, clearly defined promotion 

policies, etc. 

 

Data sampling issues 

As our objective is to produce insights that are generalizable, ensuring that our data sample is 

representative and unbiased is essential. In this section, we review the most common pitfalls within 

data gathering in order to illustrate that our data sample is robust.   

Sampling errors 

Sampling errors are any discrepancies between the estimate of a parameter and the parameter being 

estimated. In other words, it is the potential margin of error. Sampling errors are mainly an issue 

related to small sample sizes (Heiberger & Holland 2015). Many scholars agree that if your data 

sample meets the conservative estimate of a minimum 10 ‘events’ per independent variable (EVP), 

the risk of sampling errors are manageable (Peng et al. 2002; Vittinghoff & McCulloch 2007; Peduzzi 

et al. 1996; Hosmer et al. 2013). ‘Events’ do not simply refer to observations, but more specifically 

the number of observations in the least frequent of the possible categories of the outcome variable. In 

our case, the subgroup ‘Clarity and Fairness’ has 40 observations out of a total of 460 observations, 

which is equal to 
40

460
= 8.696% of total observations in our data sample. With 4 independent 

variables (Level, Rating, Region, and Company size), the minimum sampling size, according to the 

conservative rule of thumb would be 
10∗4

8.696%
= 460. Thus, our data sample (consisting of 460 

observations) is exactly big enough to be deemed valid when the conservative rule of thumb is 

utilized. However, Vittinghoff & McCulloch (2007) has investigated the relative bias, lack of 

conversion and confidence interval coverage for models with only 5 to 9 EVP. Their conclusion was 

that such models should not be discounted automatically, especially not if they include statistically 

significant associations (Vittinghoff & McCulloch 2007, p.717). This indicates that our model could 

be based on a data sample of as few as 
5∗4

8.696%
= 230 observations. Thus, although larger data samples 

are usually preferable, we argue that the size of our data sample is more than adequate for model-

building purposes. 

Essentially, our data sample is based on a stratified random sampling process conducted by 

Vault.com. Vault has selected 25 strata, which is the 25 firms that feature in the respective ranking, 

and then sampled randomly within each strata. The average response-rate was around 30% across all 
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participating firms, which is respectable and may reflect the fact that the survey is promoted internally 

in each firm, thereby giving it the appearance of an internal survey.  

Non-sampling errors 

Non-sampling errors are more serious than sampling errors, as they do not disappear just by 

increasing the sample size. Here we focus on the two most prominent types of non-sampling errors, 

namely nonresponse bias and selection bias (Hosmer et al. 2013). 

Nonresponse bias 

The first type of bias occurs if certain parts of the population of interest is underrepresented in a 

random sample because they have a relatively lower tendency to respond to a survey inquiry. If these 

nonresponses are not evenly distributed across the population of interest, ignoring these subgroups 

altogether may lead to nonresponse bias. Written questionnaires are the preferred method of inquiry 

in terms of minimizing nonresponse bias (Heiberger & Holland 2015, p.80). This is because 

questionnaires may be answered at the respondent’s convenience, increasing the likelihood that even 

busy individuals are included in the sample. Better still if the questionnaire is accompanied by a cover 

letter from a person that the potential respondent trusts (Heiberger & Holland 2015). Fortunately, the 

Vault survey is in a questionnaire format and is distributed by e-mail directly to the respondents by 

the participating firms. Thus, we argue that the format and method of distribution of the Vault survey 

are optimal in terms of mitigating the risk of nonresponse bias. 

Selection bias 

Selection bias occurs when it is difficult or impossible to sample from some subgroups of the 

population of interest (Heiberger & Holland 2015). The management consulting industry, as 

explained earlier, is relatively fragmented. It consists of a few big ‘full-service’ firms, a range of 

medium-sized consultancies, and a long tail of small outlets and ‘one-man shops’ (Vault n.d.; Kubr 

2002). Especially the long tail of small firms and one-man shops are difficult to survey properly 

because it is difficult to get an overview of this subgroup. Thus, precaution must be taken in order to 

avoid selection bias. A solution is to narrow down the population of interest by excluding those parts 

of the population, which are difficult to sample (Heiberger & Holland 2015, p.79). Vault.com has 

already done this by narrowing down the population to "reputable management consultancies in 

Europe”. 

Vault defines reputable firms as being well known and respected within their practice area and 

geography (Appendix 4). If a consultancy is deemed well known and respected, it may participate in 

the survey. Furthermore, since everyone may legally call themselves a management consultant, the 

industry boundaries are somewhat blurry (Kipping & Clark 2012). Certain consultancies that, for 

instance, specialize in IT and engineering services, are sometimes classified as management 

consultancies (Kipping & Clark 2012). As we will elaborate on in the management consulting section 
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of the literature review, we define management consultancies as firms that offer advisory services 

within more than one practice area that is generally relevant to executive employees, often to clients 

in more than one industry. Please refer to the literature review for a deeper discussion on industry 

boundaries. Vault identified 47 consultancies as reputable and subsequently distributed surveys to 

verified employees in these firms (Appendix 4). Vault only publishes the 25 highest ranked of the 47 

firms. These 25 consultancies are the ones that make up our data sample. Thus, it could be argued 

that there is a bias towards the "high performing" half of our population of interest. Of course, we 

would have liked to include the respondents from all 47 firms into our data sample. Though this is a 

concern, we still believe that our sample is well balanced on important parameters such as firm size 

and geographical focus (within Europe). Furthermore, the Vault ranking (Vault Consulting 25 

Europe) is based on the relative performance of eligible consultancies on multiple dimensions, as 

described above, which arguably leads to a diverse composition of firms being selected, thereby 

mitigating the potential bias from focusing on the top 25 firms. 

As for the last independent variable, ‘Level’, it is a difficult task to make sure that our data sample 

reflects the correct distribution of consultants at different levels of seniority. Many different aspects 

impact the composition of each individual firm in terms of seniority (Kubr 2002): First, the level of 

industry and/or practice area specialization. Second, the specific type of subject and/or practice area 

specialization. Third, the specific firm’s inclination to outsource lower-level data analysis. Fourth, 

and perhaps most importantly, the current growth trajectory of the respective firm (Kubr 2002). Our 

sample, given its significant size, may give us an idea of the average composition in terms of seniority 

in reputable European management consultancies. However, we argue that the variance between 

firms may be quite significant because of differences in the above stated aspects. Moreover, our 

statistical analysis indicates that seniority is not significantly associated with the outcome variable 

(P-value: 0.32244), mitigating the risk that any potential selection bias in terms of seniority would 

influence our results.  

 

Confounding variables 

While it is not realistic to incorporate every aspect of a consultant’s conditions that may impact his/her 

choice of component to highlight, we have sought to include the most obvious ones in the model and 

sought to adjust for other confounding variables that we were unable to include. A confounding 

variable is an independent variable that impacts the association between a given independent variable 

and the outcome variable (Hosmer et al. 2013). An example by Hosmer et al. (2013) is the average 

weight in two groups of children. If the average age of each group is not included in the model, then 

the dichotomous independent variable that indicates which group that is chosen may simply convey 

the difference in average age of the two groups, since weight is associated with age. Clearly, in this 

case, age is a confounding variable that needs to be included in the model or otherwise adjusted for. 
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Similarly, there are certain confounding variables that needs to be addressed in our model. As we are 

interested in identifying causal effects between consultants’ individual level of satisfaction (the stars 

variable) and their favorite component of their compensation and reward schemes (the outcome 

variable), we want to control for effects that may impact this association. This can be done either by 

including the potential confounder in the model or by adjusting for the effect during the sampling 

process (Hosmer et al. 2013). 

The absolute pay level, PPP adjusted, may be a confounding variable that influences which 

component a respondent state as the best aspect. Some employees may consider their work effort to 

be worth more than they receive or may feel that their pay is unfair relative to others. Though 

consultants are generally well paid, they, like any other employees, tend to evaluate their own pay 

relative to the pay of peers (Kuvaas 2006; Rynes et al. 2004), which may distort their response in 

terms of what they consider the most important component. This is generally referred to as an issue 

of organizational justice and may reduce intrinsic motivation and satisfaction in terms of autonomy 

and competence (Kuvaas 2006). Consultants may not consider their absolute pay level to be satisfying 

unless it is above some more or less arbitrary threshold. As such, the absolute pay level becomes what 

Herzberg (1968) initially coined as a hygiene factor. That is, a component that is expected but does 

not satisfy or motivate employees. Though Rynes et al. (2004) do not completely agree with 

Herzberg's view on pay as not being a motivator, they also support the argument that paying 

significantly below market averages is disadvantageous and may negatively impact recruiting.  

The first potential method to control for absolute pay levels is to include a variable that measures this. 

However, getting trustworthy pay level information for consultants with various level of seniority, 

working at 25 firms, across 21 countries, is simply not feasible. Firms usually keep their 

compensation information confidential. Although Vault is in possession of at least some pay level 

data, they are not allowed to share it (appendix 4). It is possible to obtain some salary information 

from self-reported databases like Glassdoor.com, but there are two major problems with this 

approach. First, the data is self-reported, which may question its reliability (Rynes et al. 2004). 

Secondly, salary data is not available across all levels, companies and geographies that appear in our 

sample data (Glassdoor.com 2017). Consequently, we argue that, with the resources at our hands, it 

is practically impossible to include absolute pay levels as a variable. However, we have made an 

effort to adjust for pay level as a confounder by addressing it in our sampling process. Our adjustment 

rests on the argument that the respondents will only be concerned with their absolute pay levels in 

two particular instances. First, when the respondent is paid an amount that exceeds his/her 

expectations. Second, when the respondent is paid less than expected. If none of those two 

circumstances are present, we may consider the absolute pay level a hygiene factor, which neither 

promotes nor diminishes extrinsic motivation (Herzberg 1968; Gagné & Forest 2008). Although we 

do not measure which component that respondents highlighted as the worst component of their 



 

25 

 

compensation and reward schemes, we may suggest that respondents that rate their compensation and 

reward schemes low, is probably paid relatively little compared to their peers. Rynes et al. (2004) 

propose that once an employee’s absolute pay level is similar to her peers, meaning persons with 

similar characteristics and similar job descriptions, she will focus on alternative components of her 

total compensation and reward schemes, instead of just focusing on absolute pay levels. Still, we 

argue that highlighting other components while giving a high rating is a sign of privilege, meaning 

that you are likely to be paid adequately enough to care about other aspects of your work. Thus, we 

argue that the star rating serves as a mediator of relative pay levels. In other words, the star rating 

indicates quite well whether the respondent is paid an amount (relative to peers) that he/she deems 

either unsatisfactory8 (low ratings), neutral (‘average’ ratings) or satisfactory (high ratings).  

Another potential confounding variable is whether a respondent is a high- or a low-performer, relative 

to his/her peers. Agency theory would suggest that a high-performer would value components that 

are performance-contingent (Hendrikse 2003). Similarly, an underlying logic of equity theory, 

namely that employees tend to weigh aspects associated with what they do best, would suggest that 

an employee that perceives herself as a high-performer would tend to value the incentive component 

relatively highly (Pinder 2008). However, as will be elaborated on in the theories and concepts 

section, the contextual circumstances of the management consulting industry, including the difficulty 

of disentangling individual contribution to a project team, make it difficult to produce an incentive 

structure that will work as intended, especially for high-performers, due to free-rider problems 

(Hendrikse 2003). Consequently, we argue that the relative level of performance of different 

respondents is unlikely to have had a material impact on our results. 

Gender may also qualify as a potential confounding variable. We know that men and women in some 

instances behave differently to aggressive (tournament like) incentive schemes and also respond 

differently when self-reporting on motivating factors (Rynes et al. 2004; Gneezy et al. 2003). There 

are however, not any significant differences between men and women in terms of intrinsic motivation. 

For example, it was found in an extensive meta-analysis of intrinsic motivation and extrinsic 

incentives' as predictors for performance that men and women are equally intrinsically motivated 

(Cerasoli et al. 2014). Thus, there is no solid support to the idea that men and women would highlight 

different components as reason for their satisfaction, so long as companies do not employ tournament 

schemes. As tournament schemes are generally not popular and even detrimental to teamwork 

dynamics (Hendrikse 2003), we do not expect to see such models among team dependent 

consultancies.  

At last, what has been found to be more important than gender is the nature of the work performed 

and whether quality or quantity of output is the priority. However, our sample is very homogenous in 

                                                 
8 although still above the respondent’s participation constraint 
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this respect, as all respondents carry out knowledge intensive work where quality takes priority (Von 

Nordenflycht 2010). 

In sum, though there may be many potential "hidden variables" we believe to have properly assessed 

and adjusted for the most obvious ones in our sampling process. We do however invite others to 

explore such variables further, and we remain open to the idea that there may be additional 

confounding variables that influence which component that our respondents highlighted, given their 

level of satisfaction. 

 

Statistical model-building 

Hypotheses-testing vs. model-building approaches 

Two types of data analysis approaches are appropriate in our context, namely the hypotheses-testing 

and the model-building approaches.  

The hypotheses-testing approaches are characterized by their focus on testing for association between 

variables. The hypotheses-testing approaches are appealing, given their simplicity and ability to 

readily answer questions about association between variables, which is what many hypotheses seek 

to test (Friendly & Meyer 2016). If a non-random association is present, we are able to characterize 

the strength of it in order to answer our hypotheses (Friendly & Meyer 2016).  

However, the model-building approaches are equally able to perform tests of association. Model-

building approaches are actually able to perform the exact same tests of association as the hypotheses-

testing approaches are (Friendly & Meyer 2016). Furthermore, they offer more statistical tests and 

parameter estimates, which enables an in-depth understanding of the nature of the potential 

association (Friendly & Meyer 2016). A statistical model is able to provide coefficient estimates, 

standard error estimates, confidence interval estimates, as well as the ability to make predictions and 

assess the likely precision of such predictions (Friendly & Meyer 2016). Of course, these extra 

capabilities come at the cost of additional assumptions, although these are fairly lenient in the case of 

logistic regression models, as will be explained later in this section. 

Constructing a predictive model gives us the ability to extend our analysis beyond simple tests of 

association, thereby making us able to answer questions such as: ‘Which component of her total 

compensation scheme is an entry-level consultant from Denmark, working at a medium-sized firm 

and giving a 4 out of 5 stars rating to her overall compensation, likely to value the most?’ This is what 

regression analysis is about: fitting models to datasets and utilizing it to make predictions of the value 

of the outcome variable, given the value of one or more independent variables (Field et al. 2012).  

Given the fact that the model building approaches are able to provide both statistical inference and 

prediction, our analysis will utilize a model-building approach in order to test our hypotheses. We 
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will follow a specific model-building process, called ‘purposeful selection’ (Hosmer et al. 2013), 

which consists of seven successive steps (to be explained in detail later in this section). Much of the 

information needed to test hypotheses concerning the association between variables will be accounted 

for early on in the model-building process. For example, step 1 of ‘purposeful selection’ consists of 

univariable analyses of every variable that may potentially be included in the final model. The tests 

performed in step 1 already surpass the hypotheses-testing approach in terms of the statistical tests 

that it conducts and the estimated parameters it produces. The final model will be able to provide a 

more complete representation of the factors that determine which component of their compensation 

and reward scheme that consultants deem most important, given their individual characteristics.  

The regression analysis that we will employ is given by the nature of our data sample. In other words, 

since we have one outcome variable that is categorical and several independent variables, both 

categorical and continuous, the only assumptions of parametric tests that we are able to meet are those 

associated with logistic regression analysis (Field et al. 2012). The following subsection provides a 

description of logistic regression. 

Logistic regression 

In general, any data can be predicted by using the following model equation (Field et al. 2012): 

𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝑖 = (𝑚𝑜𝑑𝑒𝑙) + 𝑒𝑟𝑟𝑜𝑟𝑖 

This basic equation illustrates the relation between a prediction and a model. The challenge is to 

maximize the share of predictive power that is prescribed to the model (while avoiding too much 

complexity) and, consequently, minimize the significance of the ‘error’ part of the equation. In a 

simple multiple linear regression, the outcome variable Y is given by the following equation (Field 

et al. 2012): 

𝑌𝑖 = 𝑏0 + 𝑏1𝑋1𝑖 + 𝑏2𝑋2𝑖 + ⋯ + 𝑏𝑛𝑋𝑛𝑖 + 휀𝑖 

Where 𝑏0 is the intercept coefficient, 𝑏𝑛 is the slope coefficient for the independent variable 𝑋𝑛𝑖. The 

휀𝑖 coefficient represents the error term. The basic idea of model building is similar for both linear and 

logistic regressions. However, the actual model should be understood differently. 

The goal of a logistic regression model is similar to any other regression models, namely: “…to find 

the best fitting and most parsimonious, clinically interpretable model to describe the relationship 

between a categorical outcome variable and a set of independent variables.” (Hosmer et al. 2013, 

p.1). By ‘best fitting’, Hosmer et al. (2013) are indicating that a good model should account for the 

highest possible share of the observed variance in the data. By ‘most parsimonious’, Hosmer et al. 

(2013) argue that a good fit should be achieved by the least number of independent variables possible. 

Although, each independent variable added will increase the share of variance explained by the 

model, adding variables also increase the complexity of the model, thereby lowering its inferential 
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capacity (Hosmer et al. 2013). For instance, a model with three independent variables that accounts 

for 40% of observed variance may be preferable to a model with 15 independent variables that 

accounts for 50% of observed variance. Furthermore, adding more variables increase the estimated 

standard errors as well as the model’s reliance on its underlying data sample (Hosmer et al. 2013).  

In short, it is apparent that there exists a trade-off between model explanatory power and model 

complexity. This trade-off also relates to the term ‘clinically interpretable’, which basically refers to 

the idea that a model is only valuable if it is understandable, to the point that it may be used to infer 

something meaningful about the respective population of interest. 

Model building 

A logistic model predicts the logit of the outcome variable Y, given a certain value of the independent 

variable x (Peng et al. 2002): 

𝑙𝑜𝑔𝑖𝑡(𝑌|𝑥) = 𝑔(𝑥) = ln [
𝜋(𝑥)

(1 − 𝜋(𝑥)
] = 𝛽0 + 𝛽𝑗𝑥𝑗  

The variable coefficient (𝛽𝑗) tells us whether the probability of Y=1 increases or decreases, as well 

as the magnitude of such a change, when the corresponding independent variable, 𝑥𝑗, increases by 

one (Agresti & Franklin 2013). π represents the probability of the conditional Y, given a specific 

value of x. According to the above equation, the relationship between the outcome variable Y and the 

independent variable x is linear. To increase the inferential capabilities of the model, we take the 

antilog of the above equation, thereby deriving an equation that is able to predict the probability of a 

given category of the respective outcome variable (𝑌 = 1), conditional on the value of 𝑥𝑗 (Peng et al. 

2002):  

𝐸(𝑌 = 1|𝑥) = 𝜋(𝑥) = (
𝑒𝛽0+𝛽𝑗𝑥𝑗

1 + 𝑒𝛽0+𝛽𝑗𝑥𝑗
) 

A logistic regression model can easily be extended to incorporate several independent variables: 

𝑔(𝑥) = ln [
𝜋(𝑥)

(1 − 𝜋(𝑥)
] = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝑛𝑥𝑛 

Where, same as for the case with a single independent variable, the probability of a given category of 

the respective outcome variable, conditional on the value of all independent variables (xn), is given 

by (Hosmer et al. 2013): 

𝐸(𝑌 = 1|𝑥) = 𝜋(𝑥) = (
𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑛𝑥𝑛

1 + 𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑛𝑥𝑛
) 
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An important note on multiple regression is how to incorporate independent variables that are of 

unordered categorical scale. It is not appropriate to include them in a model as if their numerical value 

had the same significance as a continuous scale variable (Hosmer et al. 2013). Rather, the independent 

variables are mere identifiers, indicating whether a given condition is present or not, usually encoded 

as 1 or 0. As an example, it could be noted whether a subject has brown eyes (𝑥𝑛 = 1) or not ((𝑥𝑛 =

0). Thus, if a person does not have brown eyes, then the corresponding coefficient 𝛽𝑛 will not be 

included in the calculation of 𝜋(𝑥), since it is multiplied by zero. If the given discrete, nominal scale 

independent variable has >2 categories, then the preferred method for incorporating the variable is to 

split it up into (𝑛 − 1) design variables (or dummy variables). Suppose that a subject’s eyes can be 

noted either as brown, blue or green (𝑛 = 3). We will need two (3 − 1 = 2) dummy variables in 

order to incorporate this independent variable into our model. The reason that we only need two 

dummy variables to properly account for all three categories is because they are mutually exclusive. 

Thus, we can choose blue eyes to act as the reference category, meaning that if both dummy variables 

are set to zero, it means that the subject has blue eyes. If the first dummy variable is set to one, the 

other dummy variable must necessarily be set to zero, and the subject is noted to have brown eyes. If 

the second dummy variable is set to one, the first dummy variable must necessarily be set to zero, 

and the subject is noted to have green eyes. 

Below is a brief account of how to fit a multinomial logistic model, which is a version of logistic 

regression used when the outcome variable consists of >2 nominal (unordered) categories (Venturini 

2016). We will use this type of logistic regression because our outcome variable has more than 2 

categories. 

Multinomial logistic regression 

A multinomial logistic regression pairs each category of the outcome variable with a given baseline 

category (Venturini 2016). A baseline category is simply an arbitrary category of the outcome 

variable, which is chosen to act as a reference category. Assuming that category N is chosen as the 

baseline category, and that the number of categories of the outcome variable is 𝑛 = 3, we get (𝑛 − 1) 

base-line logits (with p independent variables): 

log (
𝜋𝑛

𝜋𝑁
) = 𝛽0

𝑛 + 𝛽1
𝑛 ∗ 𝑥1 + ⋯ + 𝛽𝑝

𝑛 ∗ 𝑥𝑝 

With 𝛽0
𝑛 as the intercept coefficient and 𝛽1

𝑛 as the slope coefficient for the independent variable 𝑥1. 

In a multinomial logistic model with an outcome variable with three categories (𝑛 = 3), in which 

category three is chosen as the baseline category (𝑁 = 3), we get (𝑛 − 1 = 2) two equations: 

log (
𝜋1

𝜋3
) = 𝛽0

1 + 𝛽1
1 ∗ 𝑥1 + ⋯ + 𝛽𝑝

1 ∗ 𝑥𝑝 
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log (
𝜋2

𝜋3
) = 𝛽0

2 + 𝛽1
2 ∗ 𝑥1 + ⋯ + 𝛽𝑝

2 ∗ 𝑥𝑝 

The concept of baseline category is an essential feature of multinomial logistic regression, because 

the outcome of logistic regressions, probabilities, has to be understood in a relative sense. This is true 

because the outcome probabilities for the categories of the outcome variable {𝜋1, … , 𝜋𝑁} satisfies the 

natural constraint ∑ 𝜋𝑛 = 1𝑁
𝑛=1  (Venturini 2016). In other words, there is always a 100% chance that 

the model predicts the outcome to be one of the categories of the given outcome variable. The baseline 

logits determine the equations for all other possible pairs of categories in a multinomial logistic 

regression (Venturini 2016): 

log (
𝜋1

𝜋2
) = log (

𝜋1

𝜋3
𝜋2

𝜋3

) = log (
𝜋1

𝜋3
) − log (

𝜋2

𝜋3
)

= (𝛽0
1 + 𝛽1

1 ∗ 𝑥1 + ⋯ + 𝛽𝑝
1 ∗ 𝑥𝑝) − (𝛽0

2 + 𝛽1
2 ∗ 𝑥1 + ⋯ + 𝛽𝑝

2 ∗ 𝑥𝑝)

= (𝛽0
1 − 𝛽0

2) + (𝛽1
1 − 𝛽1

2) ∗ 𝑥1 + ⋯ + (𝛽𝑝
1 − 𝛽𝑝

2) ∗ 𝑥𝑝 

 

As illustrated above, a logistic regression equation always works with a binary outcome variable. 

Modifying a logistic regression model to accommodate an outcome variable with >2 categories 

simply means making 𝑛 − 1 equations, instead of a single equation (𝑛 is the number of categories in 

the respective outcome variable).  

The actual estimation of the coefficients, (𝛽), is given by the statistical software. For a review of how 

coefficients are estimated in a logistic regression, as opposed to in a linear regression, please see 

review in appendix 5. Further, confidence intervals in a logistic regression may be estimated using 

different methods, although the method that is based on the likelihood ratio test is preferred (and is 

the method that we use). Please see appendix 6 for a review of both the Wald-based confidence 

interval and Log-likelihood function-based confidence interval. 

Assessing the fit of a multinomial logistic regression model 

To assess the strength of a multinomial logistic regression model, i.e., the model’s ability to account 

for the variance in the underlying data sample, we are using the likelihood-ratio test. The principle 

behind model assessment in logistic regression is similar to linear regression: observed (actual) values 

of the outcome variable is compared to predicted values of the outcome variable (Hosmer et al. 2013). 

In logistic regression, the log likelihood equation, which is used to estimate coefficients9, also 

constitutes the basis for assessment of model fit (Field et al. 2012). For assessment of model fit, 

                                                 
9 Please see a review of the log likelihood equation in appendix 5 (Estimating coefficients – difference between linear 

and logistic regression) 
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however, we use another type of the log likelihood equation, which is called the deviance equation. 

The deviance statistic works with a chi-square distribution, which makes it easier to estimate the 

significance of its value (Field et al. 2012). Thus, the log likelihood equation is transformed into the 

deviance (D) equation: 

𝐷 = −2 ln [
𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑡ℎ𝑒 𝑓𝑖𝑡𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙

𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑎𝑡𝑢𝑟𝑎𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙
] = −2 ∑ [𝑦𝑖 ln (

�̂�𝑖

𝑦𝑖
) + (1 − 𝑦𝑖) ln (

1 − �̂�𝑖

1 − 𝑦𝑖
)]

𝑛

𝑖=1

 

Where the saturated model is a model with as many independent variables as observations. An 

example of a saturated model could be a linear regression model fitted on a data sample with only 

two observations (Hosmer et al. 2013). Actually, the deviance equation corresponds to the residual 

sum-of-squares statistic of linear regression (Hosmer et al. 2013). To simplify the equation above, 

note that, whenever values of the outcome variable are coded as either 0 or 1 (as is recommended), 

the likelihood of the saturated model is equal to 1, given that the definition of a saturated model 

implies that �̂�𝑖 = 𝑦𝑖, which entails that the likelihood is equal to (Hosmer et al. 2013): 

𝑙(𝑆𝑎𝑡𝑢𝑟𝑎𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙) = ∏ 𝑦𝑖
𝑦𝑖 ∗ (1 − 𝑦𝑖)

1−𝑦𝑖 = 1.0

𝑛

𝑖=1

 

As such, the log likelihood of the saturated model becomes our best prediction of observations when 

we know nothing more than the allocation between 0 and 1 (Field et al. 2012). This is similar to a 

model with only the constant/intercept (𝛽0) included, which is called a baseline model. Assessing the 

fitted model means determining the improvement in model fit over the baseline model (Field et al. 

2012):  

𝜒2 = (−2 ln(𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑡ℎ𝑒 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑚𝑜𝑑𝑒𝑙)) − (−2 ln(𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑡ℎ𝑒 𝑓𝑖𝑡𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙))

= 2 ln(𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑡ℎ𝑒 𝑓𝑖𝑡𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙) − 2 ln(𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑑 𝑜𝑓 𝑡ℎ𝑒 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑚𝑜𝑑𝑒𝑙) 

𝑑𝑓 = 𝑝𝑓𝑖𝑡𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙 − 𝑝𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 

Where 𝑋2 is the likelihood ratio test (ratio, because we subtract logs of numbers, which corresponds 

to dividing the numbers). The likelihood ratio has a chi-square distribution, with degrees of freedom 

equal to the number of coefficients (𝑝) in the fitted model minus one, which is the number of 

coefficients in the baseline model (Field et al. 2012). The higher the number of coefficients in the 

fitted model, the higher the likelihood ratio score necessary to yield a significant result. 

The deviance statistic may also be used to test the significance of independent variables. This is done 

by looking at the difference between how well the two models, one with and one without the given 

independent variable, fits the data sample (Hosmer et al. 2013): 

𝐺 = −2 ln [
𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑤𝑖𝑡ℎ𝑜𝑢𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒

𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑤𝑖𝑡ℎ 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒
] = 𝐷(𝑚𝑜𝑑𝑒𝑙 𝑤𝑖𝑡ℎ𝑜𝑢𝑡 𝑡ℎ𝑒 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒) − 𝐷(𝑚𝑜𝑑𝑒𝑙 𝑤𝑖𝑡ℎ 𝑡ℎ𝑒 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒)  
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Other statistics that indicates whether a given relationship is significant or not, is the Wald test and 

the Lagrange Multiplier (Score) test (Hosmer et al. 2013). Both of these tests are asymptotically 

equivalent to the likelihood ratio test, meaning that they will yield exactly the same answer for 

infinitely large data samples (UCLA n.d.). However, for data samples that are not infinitely large, the 

two alternative tests act as approximations of the likelihood ratio test. Consequently, there seems to 

be a general consensus that, when the Wald test, score test, and the likelihood ratio test yield different 

results, one should stick with the likelihood ratio test (Hosmer et al. 2013; Harrell 2015) 

A common measure of the goodness-of-fit10 of a linear regression model is the R2 statistic (Field et 

al. 2012). In linear regression, R2 is an index that expresses how great a share of the total variance 

(total sum of squares) that a given model explains (model sum of squares). It is given by: 

𝑅2 =
𝑚𝑜𝑑𝑒𝑙 𝑠𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠

𝑡𝑜𝑡𝑎𝑙 𝑠𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠
=

∑ (𝑦𝑖 − �̂�𝑖)2𝑛
𝑖=1

∑ (𝑦𝑖 − �̅�𝑖)2𝑛
𝑖=1

 

However, given that R2 is based upon the assumption that the model sum of squares and the residual 

sum of squares adds up to the total sum of squares (Frost 2014). This relationship is true for linear 

models, but not for nonlinear models. The nonlinearity of logistic regression models invalidates the 

R2 statistic. Scholars have attempted to find a corresponding statistic for logistic regression models. 

Several “pseudo R-squares” exists, each of them attempting to provide information on the goodness-

of-fit of a given logistic regression model (UCLA 2011). One of these statistics is called the 

McFadden R2: 

𝑀𝑐𝐹𝑎𝑑𝑑𝑒𝑛 𝑅2 = 1 − [
ln(𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑡ℎ𝑒 𝑓𝑖𝑡𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙)

ln(𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑡ℎ𝑒 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑚𝑜𝑑𝑒𝑙)
] 

A small log likelihood ratio (and a high McFadden R2) indicates that the fitted model provides a 

significant improvement over the baseline model in terms of fitting the data (UCLA 2011).  

Another tool for model assessment that we use is the Akaike Information Criterion (AIC). The AIC 

statistic seeks to balance the trade-off associated with adding more independent variables to a model. 

The trade-off concerns the fact that a fitted model will always yield a higher likelihood ratio score11, 

whenever another independent variable is added, despite the increased complexity of the model12. 

Adding more variables make a model more complex, to the detriment of its inferential capacity, 

because the relationship between the outcome variable and the independent variables becomes harder 

to comprehend, thereby making the whole model less relevant and actionable (Harrell 2015). The 

                                                 
10 A term encompassing statistics that measure how well a model fits the data from which it was generated (Field et al. 

2012) 
11 Since the likelihood ratio test is always negative, a higher score means that it will be less negative 
12 This is also true for the McFadden R2 (and any other non-adjusted pseudo R-squares) 
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AIC attempts to account for the drawbacks of making a model more complex. The AIC statistic is 

given by: 

𝐴𝐼𝐶 = −2 ln(𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑡ℎ𝑒 𝑓𝑖𝑡𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙) + 2𝑝 

Where, p is the number of coefficients in the respective model. The AIC is a relative measure and is 

useful when comparing models that are based on the same data sample. The model that yields the 

smallest AIC is the better model. As the equation shows, the AIC statistic rewards model fit and 

penalizes model complexity, thereby making it easier to assess whether adding another independent 

variable to your model is worthwhile. 

Odds ratio 

Essential to the way that a fitted logistic regression model should be understood is the odds ratio. An 

odds ratio is a different measure of association compared to a simple probability ratio, which is a 

more common way to convey probability estimates (Osborne 2006). To define odds ratios, we must 

understand what the concept of odds entails. Odds may be defined as a ratio of the probability of an 

event happening (Y = 1) to probabilities of an event not happening (Y = 0) (Field et al. 2012; Peng et 

al. 2002): 

𝑂𝑑𝑑𝑠 =
𝑃(𝑌 = 1)

𝑃(𝑌 = 0)
=

1

1 + 𝑒−(𝛽0+𝛽1𝑥1𝑖+⋯+𝛽𝑝𝑥𝑝𝑖)

1 − (
1

1 + 𝑒−(𝛽0+𝛽1𝑥1𝑖+⋯+𝛽𝑝𝑥𝑝𝑖)
)

 

The odds ratio (OR) of a given coefficient (𝛽𝑗) is defined as the chance of an event occurring (Y = 

1) relative to the chance of an event not occurring (Y = 0), for a unit increase in xj (Venturini 2016). 

In other words, the odds ratio is the proportionate change in odds following a unit increase in the 

value of a given independent variable 𝑥𝑗. Note that odds and odds ratios are not the same concept. 

They are positively related to each other, though not linearly (Peng et al. 2002). The formula for the 

odds ratio (OR) is quite neat (Hosmer et al. 2013): 

𝑂𝑅(𝛽𝑗) =

𝑒𝛽0+𝛽𝑗

1 + 𝑒𝛽0+𝛽𝑗

1

1 + 𝑒𝛽0+𝛽𝑗

𝑒𝛽0

1 + 𝑒𝛽0

1
1 + 𝑒𝛽0

=
𝑒𝛽0+𝛽𝑗

𝑒𝛽0
= 𝑒(𝛽0+𝛽𝑗)−𝛽0 = 𝑒𝛽𝑗 

The sign of 𝛽𝑗 determines the relationship between Y and 𝑥𝑗. If negative, the probability of Y 

occurring (Y = 1) decreases as 𝑥𝑗 increases, and vice versa. If 𝛽𝑗 = 0, the probability of Y is 

unaffected by the value of 𝑥𝑗. For odds ratios, the corresponding null hypothesis is equal to an odds 
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ratio of 1. However, for 𝑒𝛽𝑗 to represent the odds-ratio per unit change in 𝑥𝑗, the following conditions 

has to be met (Harrell 2015; Peng et al. 2002): 

1) 𝑥𝑗 must be represented only by a single term in the given baseline logit 

2) The independent variable does not interact with any other factors 

3) All other variables are held constant 

Furthermore, it is important to define two values of 𝑥𝑗 that is meaningful to compare. For categorical 

variables, this feat is straight forward, as they are coded as dummy variables. For continuous 

variables, however, it is important define a meaningful change in value of 𝑥𝑗, in order for the odds 

ratio to hold any value as a tool to inform about the relationship between 𝑥𝑗 and Y. 

An issue with odds ratios is the fact that they have a distribution that is highly skewed to the right, 

since the range of possible values is between 0 and ∞, with 1 as the null value (Hosmer et al. 2013). 

Mathematically, this is not an issue, but inferentially, it is difficult for us to grasp that, e.g., an odds 

ratio of 6 is the mirror image of an odds ratio of 0.17 (Osborne 2006). That being said, we believe 

that the concept of odds ratios are critical to the inferential capability of logistic regression.  

Assumptions of multinomial logistic regression 

Logistic regression is generally less restrictive than ordinary linear regressions in terms of 

distributional assumptions, given that a logistic regression is less sensitive to violations of 

distributional normality (Harrell 2015). The errors of a logistic regression is assumed to reflect a 

binomial distribution, which makes it possible to assess model and coefficient significance through 

the likelihood ratio test (Hosmer et al. 2013). Continuous independent variables (the star rating 

variable in our case) should have a linear relationship with the baseline logits (Field et al. 2012). 

Categorical independent variables should meet the assumptions of the chi-square test, which primarily 

concerns expected frequencies in a (𝑘𝑜𝑢𝑡𝑐𝑜𝑚𝑒 ∗ 𝑘𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡) contingency table, where 𝑘𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 

is the number of categories of a given independent categorical variable (Field et al. 2012). 

Similar to most other statistical models (except multilevel models), the logistic regression assumes 

that errors are independent of each other (Harrell 2015). Basically, this assumption is met if 

observations are randomly sampled, and no observation has been registered more than once (Field et 

al. 2012). 

Last, independent variables should not exercise multicollinearity. The term multicollinearity refers to 

the condition when two (or more) independent variables are (significantly) linearly correlated 

(Venturini 2016). In other words, a high degree of multicollinearity would mean that it is possible to 

predict the value of one independent variable through the value of another independent variable (e.g., 

whether a person has been exposed to passive smoking and whether a person grew up with parents 

that smoked). While not an assumption as such, independent variables should not be too correlated 
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with each other. A high degree of multicollinearity would impact standard error estimations and 

model assessment measures, such as p-values, which may lead to type II errors, i.e., the disregarding 

of significant independent variables  (Hosmer et al. 2013). The Variance-Inflaction Factor (VIF) is a 

widely used measure of multicollinearity, which is easily calculated using statistical software 

(Venturini 2016). The VIF statistic provides an indication of the proportion of the total variance of a 

given model that an independent variable shares with the other independent variables (O’Brien 2007). 

A related term, the generalized variance-inflaction factor (GVIF), is used instead when dealing with 

categorical data, as we do (Fox & Monette 1992). Further, by taking the GVIF statistic to the power 

of [
1

2∗𝑑𝑓
] it becomes possible to compare the multicollinearity of independent variables across 

dimensions, i.e., across all independent variables, regardless of whether they are continuous, binary 

or polynomial  (Fox & Monette 1992). Consequently, we will be examining the multicollinearity of 

our final predictive model by looking at the corrected GVIF (𝐺𝑉𝐼𝐹
1

2∗𝑑𝑓) statistic. By squaring the 

corrected GVIF (𝑖. 𝑒. , [𝐺𝑉𝐼𝐹
1

2∗𝑑𝑓]
2

), it is possible to apply the same rule of thumb to detect 

multicollinearity as used for the VIF statistic, namely that multicollinearity should be flagged if the 

statistic is above 10 (Venturini 2016). 

Model validation 

To assess the ability to generalize upon a given statistical model’s inferences, we must test its 

predictive robustness (De Laurentis et al. 2010). In other words, we need to validate that the fitted 

model provides useful insights, not just about the data sample that it is based upon, but about its 

respective population as a whole. There is a risk that the model may be overfitted with respect to its 

data sample, meaning that the model will not be able to account for the same share of the total variance 

of a different data sample of the same population (Harrell 2015). Overfitting is difficult to detect since 

no test exists to gauge the magnitude of the issue (De Laurentis et al. 2010). However, if a fitted 

model yields unexpectedly high levels of explained variance, it may indicate that the fitted model is 

too reliable on the peculiarities of its underlying data set. Even without any reasonable suspicion 

about overfitting, proper validation of a fitted model is necessary before any conclusions are made. 

There are two general methods for model validation, internal and external (out-of-sample) (Harrell 

2015). External validation involves a test of the fitted model’s predictive capabilities on a new data 

sample that is independent of the data sample upon which the respective model has been fitted. 

Frequently, we speak of out-of-time and out-of-universe external validation. This refers to testing the 

respective model on a data sample (of the same population) that has been aggregated at another time 

(out-of-time), and in another setting (out-of-universe) (De Laurentis et al. 2010). A simpler version 

of external validation entails splitting up the data sample in two distinct, random parts. One part is 

then used to fit the model, i.e., to estimate coefficients, whilst the other part is used to validate the 

model’s predictive power (Venturini 2016). Many non-statisticians generally prefer external 
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validation over internal validation, because it is easier to relate to than the concept of “internal” 

validation, which may seem diffuse (Harrell 2015). However, there is an issue with external validation 

which often makes it less desirable than internal validation. External validation requires that a 

significant share (usually half) of observations to be set aside for the validation set, leaving a smaller 

number of observations for the actual fitting of the model (Harrell 2015). Often, it is simply not 

possible to remove such a large share of a data sample without considerably impairing statistical 

significance. But how do you make an internal validation? Harrell (2015) provides a hierarchy of the 

quality of validation methods, in which the method for internal validation deemed best is a 10-fold 

cross-validation repeated 100 times, or (at least) 1000 bootstrap resamples. We will now briefly make 

an introduction of bootstrapping and cross-validation. 

Bootstrapping and cross-validation 

First, it is important to recognize that validating a fitted model cannot be done by relative comparison 

with competing regressions. Rather, it may be seen as an assessment of the relationship between 

observed (actual) and fitted (predicted) values of the outcome variable. A model is said to fit well if 

(1) the distance between the observed and the predicted values of the outcome variable are fairly 

small and (2) that the ‘contribution’ to a given summary statistic of each pair of observed and 

predicted values [(𝑦𝑖, �̂�𝑖), 𝑤ℎ𝑒𝑟𝑒 𝑖 = 1,2,3, … , 𝑛] is unsystematic and relatively small (Hosmer et al. 

2013). By pair of values, we mean the observed value of the outcome variable for observation i, (𝑦𝑖), 

and the corresponding fitted (predicted) value of the outcome variable for observation i, (�̂�𝑖).  

Traditionally, in order to make inferences about the population of interest, one would adhere to the 

principle of random sampling and assume a certain structure of the population, such as normality. 

Then, one would derive the population parameters on the basis of the sampling parameters (and their 

corresponding confidence intervals) of the fitted model (Fox & Weisberg 2012). However, if the 

assumptions about the structure of the population are wrong, the sampling distribution of the data 

sample may be very inaccurate, thereby leading to erroneous inferences about the population.13 

Bootstrapping allows us to estimate the sampling distribution without explicitly deriving it. In other 

words, nonparametric bootstrapping allows us to estimate the sampling distribution “empirically”, 

without any assumptions about the population distribution. To better understand the intuition, it is 

essential to understand the key analogy of bootstrapping: “The population is to the sample as the 

sample is to the bootstrap samples.” (Fox & Weisberg 2012, p.2). As this analogy shows, 

bootstrapping cannot save a bad sample. Thus, the source of a potential error of bootstrap inference 

is if the underlying data sample does not properly represent the population of interest – something 

that can be avoided if potential sampling and non-sampling errors are properly dealt with (Fox & 

Weisberg 2012). When the sampling distribution is unknown a priori, the data sample is often the 

                                                 
13A sampling distribution represents the distribution of possible values of a given statistic that can be expected to be 

derived from a given population (Field et al. 2012). 
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best (i.e., least biased) source available for understanding the true population distribution (Shalizi 

2010). Therefore, it makes sense to utilize the data sample in estimating the sampling distribution, 

provided that it is the least biased estimate available (Shalizi 2010). The bootstrapping technique can 

derive a sampling distribution for a given sampling statistic, which provides an indication of the 

robustness of a fitted model and hence its inferential capacity (Field et al. 2012).  

The first step in the bootstrap process consists of repeatedly drawing random bootstrap samples from 

the observations in the sample data. An important element in this process is the fact that we are 

sampling with replacement. The term “sampling with replacement” merely refers to the fact that 

observations that are randomly selected to be in a bootstrap sample is reintroduced into the original 

sample. Given the fact that bootstrap resamples are similar in size with the original sample, sampling 

with replacement means that each single observation may feature more than once in a single bootstrap 

resample, or it may not feature at all. As a fact, about two-thirds of original observations are likely to 

feature in any one bootstrap resample (Anon n.d.).  Given that the data sample is our population 

estimate, each observation in a bootstrap sample is chosen at random, i.e., with 1/n probability, which 

mimics the sampling procedure of our original data sample (Fox & Weisberg 2012). This process of 

generating bootstrap samples is repeated at least a thousand times, which is deemed a sufficient 

number to ensure that sampling errors are negligible (Fox & Weisberg 2012; Harrell 2015; Shalizi 

2010). 

Next step in the bootstrap process concerns the computation of the relevant statistic (T) for each of 

the thousand bootstrap samples (Fox & Weisberg 2012). The distribution of the estimates may be 

used to estimate the sampling distribution, given that the distribution of the bootstrap estimates (𝑇𝑏
∗) 

around the estimate of the data sample (T) is analogous to the sampling distribution around the 

population parameter (𝜃) (Fox & Weisberg 2012). 

The third step in the bootstrap sample consists of computing the mean (�̅�∗) of the bootstrap statistic 

question, across all the thousand bootstrap samples:  

�̅�∗ = �̂�∗(𝑇∗) = (
∑ 𝑇𝑏

∗𝑅
𝑏=1

𝑅
) 

Where R is the number of bootstrap samples (in our case, 1000). Having computed the mean statistic 

of the bootstrap samples, we are able to estimate the bias (�̂�∗) of the given statistic (T). The bias is 

given by: �̂�∗ = �̅�∗ − 𝑇. Using the same analogy as before, we can provide an estimate of the bias of 

T, relative to the population parameter (𝜃), which is given by 𝑇 − 𝜃 (Fox & Weisberg 2012). As we 

see in the above equation, the bias of a given statistic refers to the difference between the estimated 

average of T and the T that we have derived from our original data sample. The bias improves the 

estimate of the population parameter (𝜃) by adjusting T (𝑇 − �̂�∗ = 𝜃) in order to reflect the 

population distribution. 
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The bootstrapping method is also able to estimate the population confidence interval. The most 

common methods are called percentile interval and bias-corrected and accelerated (BCA) interval. 

The BCA interval is generally preferable. Please see appendix 7 for a review of both types of 

confidence intervals. 

Just like bootstrapping, cross-validation is a way to assess the predictive accuracy of a fitted model 

without engaging in undesirable data-splitting and other types of external validation. The version of 

cross-validation that we use, namely k-fold cross-validation, splits the data sample into k random 

folds (equally sized parts) with k-1 folds used to develop the given model and 1 fold used to validate 

the fitted model (Harrell 2015). Note that the random sampling of the k folds is stratified between the 

categories of the outcome variable (y) to maintain the relative distribution between categories of the 

outcome variable (Kuhn 2016, p.28). This process of fitting and then validating the respective model 

is repeated k times, each time retaining the validation statistic of choice. The statistic, such as 

Accuracy or Kappa, is then averaged. The whole k-fold cross-validation is repeated at least 10 times, 

each time with new random folds, to get 10 averages of the respective statistic, from which a final 

estimate of the statistic can be determined (Harrell 2015). Thus, ur stratified k-fold cross-validation 

estimates 10 accuracy indices for each iteration, with the iteration repeated 100 times, giving an 

average accuracy index based on 1000 (10*100) estimates.  

Many indices may be used to assess a model’s predictive accuracy. Common to them all is the focus 

on the proportional relation between predicted values and observed values. One statistic, Kappa (𝜅), 

estimates the level of agreement between expected accuracy and observed accuracy, in which 

expected accuracy is the marginal frequency of correct predictions that is to be expected if predictions 

were made by chance (Bornmann 2015). 

The cross-validation process is quite intuitive, although it is worth mentioning that cross-validation 

suffers from the same issue as regular data splitting, namely that it does not validate the entire fitted 

model (Harrell 2015). This is due to the fact that 10-fold cross-validation continuously fits a model 

on only nine out of ten parts of the data sample, and then validates it on the remaining one-tenth of 

the data sample. However, given the multiple reiterations, the discrepancy between estimated and real 

model accuracy is likely to be immaterial, at least for the purpose of this paper. At last, note that 

increasing the number of folds, thereby making the k-1 share of the data sample left for validation 

purposes smaller, will not improve the cross-validation statistic, since the level of variance for the 

accuracy indices will increase proportionally (Harrell 2015). 

 

Variable selection 

One of the central issues of any statistical model-building process is to determine which independent 

variables to include in the final model. First of all, it is helpful to have some pre-existing knowledge 
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of the subject that you are investigating, as it may help you to focus on a few potential variables and 

be critical of variables that are simply mediators of another association (an example of this is provided 

in the bottom of this paragraph). Without this knowledge, one would have to rely on significance 

statistics, such as the P-value and/or its parsimony-adjusted versions, such as the AIC, to figure out 

which variables to include in a final model (De Laurentis et al. 2010; Harrell 2015). Stepwise selection 

processes, in which variable selection is based on significance tests only, follows a quite simple 

procedure. All variables are tested through univariable14 analysis. Next, variables are rated based on 

their p-value (or similar). All variables with p-values (or similar) below a certain threshold is then 

included in the final model. The most significant issue of this approach is its sensitivity to estimation 

bias (Harrell 2015). In other words, stepwise selection of variables is based on the significance of 

estimated coefficients of potential variables, not real (population) coefficients, which are unknown. 

This means that variables with overestimated coefficient estimates15 are more likely to be included in 

the final model than variables with underestimated coefficient estimates (Derksen & Keselman 1992). 

Another issue with relying exclusively on significance tests concerns the fact that independent 

variables may yield estimated coefficients that are significant, but where the corresponding 

independent variable has no meaningful relation with the outcome variable. A famous example 

concerns the highly significant relationship between aggregate ice cream consumption and the 

number of drowning deaths. Surely, the real significant factor is the higher temperatures of summer, 

which causes greater levels of ice cream consumption and more people going for a swim and, hence, 

higher absolute numbers of people drowning.  

While univariable significance tests are a useful tool to filter variables, the resulting list of variables 

should not be taken as final. Rather, it should be taken as a preliminary list, which is then subject to 

qualitative scrutiny (De Laurentis et al. 2010). If the researcher possesses some subject-related 

knowledge, she is able to complement the significance tests with a few other requirements in order 

for a variable to be included in the final model. First, in order to ensure that a model is meaningful, 

the researcher will need to define working hypotheses for the relationship between each independent 

variable and the outcome variable. In other words, a researcher should be able to define what kind of 

relationship that she is expecting to see. A working hypothesis should be based either on relevant 

theory or on long-held empirical evidence (De Laurentis et al. 2010). Secondly, the researcher should 

assess whether the preliminary list of independent variables is in line with what she expected it to be, 

and take a closer look at any variable exclusion or inclusion that is deemed surprising. Variable 

selection can sometimes be rather arbitrary due to issues with collinearity, which is only visible once 

                                                 
14 The terms ‘univariable’ analysis and ‘univariate’ analysis are often used interchangeably. To describe a situation 

where a model that includes a single independent variable is tested, we use ‘univariable’. See Peters (2008) for a 

discussion of terminology.  
15 Overestimated coefficients refer to estimates that indicate a larger impact of a 1-unit change in the corresponding 

parameter than what is actually the case, thereby resulting in higher estimated significance. 
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variables are combined in multivariable fitted models (Hosmer et al. 2013; Harrell 2015). We will 

address potential collinearity issues of our model in the analysis section. 

Theories that outline strategies for model selection are abundant, and there is no general consensus 

on which strategy is superior (Hosmer et al. 2013; Harrell 2015). Fortunately, given the relatively 

small list of just four potential independent variables to include in our model, proper variable selection 

is not a big concern in our case, and we were generally expecting to include all variables into our 

model. Still, in order to make sure that our model would be in compliance with statistical criteria, so 

that our results would be generalizable across our population of interest, we utilized a model-building 

process that is advocated by Hosmer et al. (2013): Purposeful selection. 

 

Purposeful selection 

To provide the model building process with a sense of structure, we follow seven steps of data 

examining and model fitting, as outlined by Hosmer et al. (2013), called ‘purposeful selection’. This 

method resembles the steps taken by statistical practitioners when fitting multivariable models, 

including multinomial logistic regression models (Hosmer et al. 2013). Furthermore, purposeful 

selection follows a quite intuitive framework, as opposed to rival model-building processes that 

chiefly rely on algorithms. This section will briefly outline the seven steps of the purposeful selection 

model-building process, as described by Hosmer et al. (2013). 

Step 1: 

Univariable analysis is carried out on every independent variable. For continuous variables (in our 

case, only the star rating variable), we fit a univariable logistic regression and test for significance of 

the estimated coefficients. For categorical variables, a likelihood ratio chi-square (Χ2) test, coupled 

with a standard contingency table analysis, are employed. To ensure model robustness, it is important 

to check that each cell in a contingency table has an expected frequency of at least one, and that no 

more than 20% of cells have an expected frequency of less than five (Field et al. 2012). The expected 

frequency is an estimation of the number of observations that is to be expected in a given cell, 

provided that the null hypothesis is true. It is given by the following equation (Agresti & Franklin 

2013): 

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 =
(𝑟𝑜𝑤 𝑡𝑜𝑡𝑎𝑙) ∗ (𝑐𝑜𝑙𝑢𝑚𝑛 𝑡𝑜𝑡𝑎𝑙)

𝑡𝑜𝑡𝑎𝑙 𝑠𝑎𝑚𝑝𝑙𝑒 𝑠𝑖𝑧𝑒
 

All variables that meet the criteria above and has a P-value below 0.25 is included in the first fitted 

model. The reason for using this unconventionally high P-value as a threshold is due to the work by 

Mickey and Greenland (1989), which showed that, at this early stage of the model building process, 

using a conventional P-value as threshold could lead to wrongful exclusion of important variables. 
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Step 2: 

The next step concerns the fitting of the first model, in which estimated coefficients, standard errors, 

and individual P-values are assessed. Those independent variables that fail to yield a P-value below 

the conventional threshold of 0.05 are excluded. Then, a likelihood ratio test is utilized to compare 

the new, reduced model with the old, larger one. If the test shows that the difference in their predictive 

capacity is insignificant, then we prefer the reduced model due to its relative simplicity. 

Step 3: 

The estimated coefficients of the variables that remain in the reduced model are compared to the 

estimated coefficients of the same variables in the initial, larger model. Should any coefficients have 

changed in absolute value by more than 20% (Δ�̂� > 20%), then this is an indication that one or more 

of the variables that failed to meet the 0.05 significance threshold should be reintroduced into the 

model because they provide an adjustment to the effect of the significant variables. In order to be able 

to pinpoint which previously excluded variable to reintroduce into the model, one should proceed 

gradually by only deleting one or a few insignificant variables at a time and then check for changes 

in magnitude of coefficient estimates. 

Step 4:  

Every variable not selected in step 1 should be added to the model, one at a time, and checked for 

statistical significance. The reason for this is to ensure that any excluded variables, by themselves 

insignificant, does not significantly contribute to the fitted model when in the presence of other 

variables.  

Step 5 

Any continuous, independent variables (in our case, only the star rating variable) are checked for the 

assumption that they are linearly related to the log of the outcome variable (Field et al. 2012). If this 

assumption is violated, the model will underestimate the significance of the relationship between the 

continuous independent variable and the outcome variable (Statistics Solutions, n.d.). If the linearity 

assumption is not met, one should refrain from categorizing the continuous variable by defining some 

intervals and then group observations (Harrell 2015). A better method includes the use of regression 

spline functions, which consists of linear segments of polynomials within intervals of X (Harrell 

2015).16 

Step 6 

Sometimes, the effect of a change in the value of an independent variable may not be constant over 

different values of another independent variable. Therefore, any ‘interaction’ between independent 

variables, which have a meaningful working hypothesis, is checked for significance. Usually, 

                                                 
16Since the star rating variable meets the linearity assumption, we will not be elaborating on regression spline functions. 

See Harrell (2015, pp. 18–31) for a review. 
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interactions between continuous and categorical independent variables are of most interest, given the 

relative ease of interpreting the contribution of an interaction term between those two kinds of 

variables. However, any two kinds of variables may form an interaction. To give a brief example, 

suppose that 𝑋1 and 𝑋2 are two independent variables within a logistic regression model: 

log (
𝜋

1 − 𝜋
) = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 

The individual contribution of these two independent variables to the model has been explained 

earlier. Now, suppose that we add an interaction between the two variables, because we suspect that 

the effect of a unit change in the value of, say, 𝑋1 may not be constant at different values of 𝑋2: 

log (
𝜋

1 − 𝜋
) = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋1𝑋2 

Now, a 1 unit increase in 𝑋1, all else constant, is given by (Harrell 2015): 

log (
𝜋𝑋1+1

1 − 𝜋𝑋1+1
) − log (

𝜋𝑋1

1 − 𝜋𝑋1

)

= 𝛽0 + 𝛽1(𝑋1 + 1) + 𝛽2𝑋2 + 𝛽3(𝑋1 + 1)𝑋2 − [𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋1𝑋2]

= 𝛽1 + 𝛽3𝑋2 

Similarly, a 1 unit increase in 𝑋2, all else constant, is given by 𝛽2 + 𝛽3𝑋1. All possible interactions 

within our model will be assessed by using a likelihood ratio test. Once this step is concluded, the 

model is commonly referred to as the preliminary final model  

Step 7 

Model validation concludes the model-building process. Many methods for model validation exists. 

We have decided to utilize the strongest form of internal validation, namely 10-fold cross-validation 

and bootstrap resamples, as explained in the previous section. 

At the end of the model-building process, the final model is able to make predictions about which 

component that a management consultant is likely to see as the best aspect of her compensation and 

reward scheme, given her individual characteristics and level of satisfaction. Furthermore, the 

univariable analyses from step 1 may be utilized to support or reject hypotheses concerned with 

potential associations between an independent variable and the outcome variable. 

 

The R software 

For the model-building process, we will utilize the statistical software programme ‘R’. R is a free, 

open-source statistics and graphics program, which is easily extended through ‘packages’ of statistics 

functions, which are also free to download (The R Foundation n.d.). The R software is widely used 
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among scholars and practitioners (LaBudde & Chernick 2011; Venturini 2016). Through the process 

of building a predictive model, we have utilized a wide number of extensions (packages), aside from 

the ‘generic’ functions of R. In appendices 8-14 (R code), the code that we have used for each step in 

the model-building process can be found. 
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THEORIES AND CONCEPTS – LITERATURE REVIEW 

This section of the thesis seeks to review relevant theoretical aspects of the construct of 

compensation satisfaction and its impact on attitudes and behavior in order to achieve two things. 

First, to create a foundation for understanding the basic concepts. Second, and more importantly, 

to facilitate the development of hypotheses, which can be used to investigate the problem statement 

of this thesis. 

 

This section reviews relevant theories needed in order to understand the contextual factors and define 

key concepts, such as compensation satisfaction. The rationale for choosing the theories we did are 

mainly founded in the traditions of scholars within the field of compensation and incentives, but also 

due to their ability to explain various aspects of compensation. There are five parts of this section: 

Management consulting context - Describes the context of this thesis, namely the management 

consulting industry. 

Compensation satisfaction – This par begins with a review of the construct of compensation 

satisfaction and its key components. Then, it reviews theories, which can be used to understand why 

and how compensation satisfaction may affect attitudinal and behavioral outcomes. The underlying 

theories used are common in incentive and motivation research. Equity theory and social exchange 

theory are used to understand how compensation satisfaction influences employee attitudes and 

behavior. Equity theory (distributive justice) is used because it has been highlighted by other 

researchers for explaining how people react to their relative level of compensation (Miceli & Mulvey 

2000; Currall et al. 2005). Social exchange theory explains how behavior that is not strictly governed 

by contracts still occur. Finally, procedural justice adds another aspect to compensation schemes by 

focusing on its underlying governing rules, instead of its structure and pecuniary value. 

Perceived Organizational Support – This section outlines the construct of perceived organizational 

support, which by many scholars have been found to be influenced by compensation satisfaction. The 

construct is interesting because it leads to several favorable attitudes and behavioral outcomes 

(Rhoades & Eisenberger 2002). 

Agency theory - This section reviews some of the main ideas from agency theory, which provides an 

alternative perspective on the type of incentives that different compensation components induce. 

Further, agency theory provides the tools that enable an analysis of whether a compensation scheme 

properly aligns the interests of both sides of an exchange relationship. 

The Relative Power of Compensation Satisfaction – Finally, we present some of the evidence on the 

impact of individual compensation and reward scheme components on various attitudes and 

behavioral outcomes. As we mainly include findings from motivation research, we find it necessary 
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to briefly cover some basics of motivation theory. Hence, we present expectancy theory (VIE), self-

determination theory and crowding theory, which are some of the most influential motivation theories 

(Weibel et al. 2014; Ryan & Deci 2000b; Pinder 2008). 

We recognize that the abovementioned theories do not exhaust the body of research that would 

potentially be relevant for our thesis. However, we believe that covering the above theories and 

concepts provide an adequate introduction of the concepts necessary to understand both why 

compensation satisfaction is an important construct in itself, and how different compensation and 

reward scheme components may influence it. 

 

Management consulting context 

Professional service firms 

The contextual focus of our thesis is management consulting industry. Management consultancies are 

part of the professional service firms (PSF) industry. The PSF industry may be defined in numerous 

ways and many scholars have disagreed over the years on which knowledge-based sectors should be 

perceived as part of it (Von Nordenflycht 2010). Von Nordenflycht (2010) lists three defining 

characteristics for a PSF, namely (1) knowledge intensity, (2) low capital intensity, and (3) 

professionalized workforce. Furthermore, Hinings et al. (2015) add aspects such as governance, 

identity and customization to the definition. Although it may be argued that many types of service 

firms meet these criteria to varying degrees, they lead to some notable exclusions. For instance, these 

characteristics dispel financial service firms, due to their high capital intensity. Similarly, many 

knowledge-intensive firms engaged in products with little or no marginal costs, such as 

pharmaceutical and IT companies, are also excluded because they fail to meet the customization 

criteria. Large engineering or medical entities, such as hospitals, are not considered PSFs either, 

primarily due to their form of governance, which does not promote extensive individual autonomy 

among employees. The individual autonomy found at PSFs is both teleological (control over ends) 

and technical (control over means) in nature (Greenwood & Empson 2003; Hinings et al. 2015). At 

last, PSFs prescribe to an identity centered around the notion of professionalism; not the form that is 

associated with having any formal qualifications, but rather the form that is associated with 

demonstrating a certain standard and attitude towards clients, competitors and fellow colleagues 

(Hinings et al. 2015). All PSF firms, including management consultancies, meet these criteria, 

although to varying degrees. For instance, management consulting, while invariably knowledge-

intensive, is often perceived as employing what Fincham (2006) calls ‘weak knowledge’, which does 

not possess any formalized body of theory, such as law, or any specialized ‘language’, such as 

software development. In many other kinds of PSFs, a fundamental knowledge asymmetry exists, 

with clients often incapable of determining the quality of the services rendered to them (Von 

Nordenflycht 2010). This may be the case for law or accounting firms. On the other end of the scale, 
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for management consultancies, the fundamental challenge lies in convincing clients and other 

stakeholders that their advice is valuable, despite having no distinguishing formal qualifications. This 

does not mean that management consultants do not possess any expertise – of course, they do. 

However, instead of developing a specialized vocabulary or body of theory to distinguish themselves 

with, management consultants have generally embraced transparency and a shared rhetoric with 

clients (Fincham 2006). This have made sense since, as explained before, the justification for the 

entire management consulting industry lies in their ability to convey their findings and 

recommendations to their respective clients such that clients believe that they have received a 

‘transfer of expertise’ (Oakley 1993). Summing up, despite some clear differences between 

management consulting and classic service professions such as law and accounting, management 

consulting is widely perceived to be an obvious example of a professional service firm (Oakley 1993; 

Fincham 2006; Von Nordenflycht 2010). Consequently, and following the criteria for PSFs by Von 

Nordenflycht (2010) and Hinings et al. (2015), we argue that some findings may have applicability 

across the PSF industry.  

Description of the industry 

The management consulting industry is characterized by a few leading ‘full-service’ firms along with 

a big group of focused (‘boutique’) firms, which have specialized in providing advisory services 

within a limited number of industries and/or practice areas, or which focuses on servicing clients 

within a specific geography (Kubr 2002). Management consultants assist clients with formulating and 

addressing executive-level strategic objectives (Anand et al. 2007). A quick desktop research 

illustrates that full-service management consultancies, such as McKinsey & Company, provide 

services to firms in the primary, in the secondary and even in the service sector (McKinsey & 

Company 2017). Clients are typically medium or large corporations, private equity portfolio firms, 

government bodies and even NGOs. Partners at management consultancies must convince 

prospective clients of their expertise in order to attract work, which is then predominantly performed 

by entry level staff (Anand et al. 2007). Growth in productivity is achieved by increasing the number 

of entry level staff that one partner is able to employ simultaneously through client projects (also 

referred to as a partners ‘gearing’). The full-service management consultancies provide advisory 

services within practice areas such as strategy, mergers and acquisitions, marketing and sales, 

corporate finance, analytics, digital transformation, etc. (A. T. Kearney 2017; Bain & Company 2017; 

McKinsey & Company 2017). However, it is not sensible to provide a clearly outlined definition of 

the practice areas that management consultants deal with, since these may evolve continuously along 

with the specific challenges and opportunities that their potential clients face. On the other hand, a 

definition that is too blurred would undermine the practicability of our inferences (Hinings et al. 

2015). We argue that management consultancies are characterized by offering advisory services 

within more than one relevant practice area, often to clients in more than one industry. Thus, perhaps 

unsurprisingly, management consulting is a term that encompasses all relevant advisory services 
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rendered to executives at all kinds of organizations. We recognize that this is not a strict definition, 

but we believe that this ambiguity is reflective of an industry with very low entry barriers, which 

produces a product that is highly customized. We are purposely not providing a definite list of practice 

areas that we deem ‘relevant’, as new practice areas continuously develop to address the changing 

needs of all types of organizations. We just note that management consultants are engaged with 

projects that are intended to improve the performance (revenue, profitability, market share, product 

quality, etc.) of their clients.  

Balancing conflicting objectives 

A crucial part of selling a project to a client is to define the scope of the work to be conducted by the 

project team. Essential parts include deadlines, objectives, proposed approach, project schedule, 

resources required, client involvement, supervisory responsibility, price, and a specification of the 

consultants involved (Kubr 2002). The project team typically consists of 3-6 consultants, but may be 

smaller or larger, depending on what the partner and the client have agreed to. The partner that is 

attached to the project may attend meetings between the project team and the client to support the 

project team with their experience and authority (Kubr 2002). A typical project team consists of a 

project manager, which manages the rest of the team, consisting of consultants of various seniority. 

The project manager is responsible for day-to-day supervision of the project team and of the working 

relation with the client.  

The project manager is responsible for delegating tasks to his/her team, in accordance with the project 

objectives and schedule. Typically, however, the final output will be difficult to prescribe to the effort 

of individual consultants of the project team. Rather, the final output will be the result of multiple 

overlapping, intertwined and mutually dependent ‘work-streams’. In other words, the individual 

contributions from the individual consultants on the project team will be indistinguishable from one 

another – a direct consequence of joint production (Hendrikse 2003). Joint production, according to 

some principal-agent models, may lead to a more valuable outcome than the sum of what each 

individual consultant could have achieved in isolation (Holmstrom 1982; Hendrikse 2003). Although 

working in teams may bring benefits, it is much more difficult for the principal to structure incentive 

schemes to prevent moral hazard externalities such as free-riding (Holmstrom 1982). As the collective 

output becomes the primary parameter for individual effort, a rational agent will hold back on his/her 

individual effort, since he/she will only reap the benefits of such effort by a factor of 1/n, with n being 

the number of agents in his/her team (McAfee & McMillan 1991; Hendrikse 2003). While incentive 

schemes that solve free-riding issues in multi-agent settings are useful when the relation between 

effort and output is certain, the problem is more persistent when the relation between effort and output 

is uncertain (McAfee & McMillan 1991; Holmstrom 1982). Although the principal, in our case the 

partner, is supposedly an expert on the subject that the project team is engaged with, we argue that 

he/she is unable to grasp the complexity of the interdependent work-streams of the individual 
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consultants. Moreover, external factors, such as limited data or an uncooperative client, may influence 

the quality of the collective output of a project team. Furthermore, consultants engage in several non-

revenue-generating activities, such as recruiting events and other employer-branding initiatives, 

which are crucial to the long-term health of their employers (The Economist 2015). However, 

promotions and bonuses are predominantly based on standardized performance evaluations, which 

are mainly used in relation to client work, thereby dis-incentivizing effort in any ‘non-core’ activity 

(The Economist 2015). Consequently, management consulting, along with many other professional 

service firms, are at odds with their desire to promote effort through high-powered incentives while 

also complying with the equal compensation principle, which states that an optimal incentive scheme 

should promote all desired actions (Saugstrup & Daugaard 2016; Hendrikse 2003). 

Management consultants usually work very long hours, often at a wage that is below their marginal 

contribution (Hendrikse 2003; The Economist 2006). However, as with many other types of 

professional service firms, management consultancies employ an ‘up-or-out’ promotion scheme, in 

which the career trajectory, from entry-level to partner, is pre-defined, along with the average tenure 

at each stage of the ladder (Batchelor 2011). The idea is to increase retention by deferring the rewards 

of the consultant’s work. Average salaries increase markedly with every step up the career ladder 

(Oakley et al. 2015). With most of the competitive capabilities of consulting firms embedded in the 

tacit knowledge and personal client relationships of their employees, promoting higher average tenure 

is critical (Kubr 2002). Furthermore, management consultancies generally spend significant resources 

on the professional and personal development of their employees (Kubr 2002). Still, the average 

tenure at management consultancies is somewhere between 5 and 6 years (Batchelor 2011). However, 

the average tenure is artificially high, due to a few partners having very long tenures; most departures 

happen earlier on. On the other hand, management consultancies are keen to have their employees 

depart to take on attractive positions at potential clients (Economist 2013). The ability to land a 

desirable job after a relatively brief stint as a management consultant is an attractive selling point to 

prospective employees (Economist 2013). This is true because consultants are aware that far from 

everyone will reap the full rewards of their long tenure by making it into the partnership ranks. 

However, that is not a big issue if there are plenty of attractive exit options along the way. 

Furthermore, an average replacement rate of around 15 to 20 percent a year may provide a 

consultancy with a desirable flow of new intellectual capital, fresh ideas and new perspectives, to 

complement its existing stock (Batchelor 2011; Greenwood & Empson 2003). To sum up, 

management consultancies must provide incentive schemes that strike the right balance between 

retaining and nurturing its consultants, while ensuring that some renewal takes place. 
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Compensation satisfaction 

Compensation is one of several tools that companies use in order to encourage employee engagement 

and contribution to organizational goals (Vandenberghe & Tremblay 2008; Hendrikse 2003). There 

is a range of other, and in some instances at least as effective, methods of motivating employees 

including aspects of work design such as autonomy and development opportunities but also aspects 

of the work environment (Weibel et al. 2014; Ryan & Deci 2000b; Gagné & Forest 2008). Though 

we fully acknowledge the importance of evaluating the effectiveness of various other ways of 

motivating employees, the focus of this thesis is on compensation packages and the level of 

satisfaction associated with them.  

Though compensation packages is only one of several tools to motivate employees, its impact in 

terms of costs for organizations (Miceli & Mulvey 2000; Bergmann & Scarpello 2002), its 

predominance as an incentive tool (Cerasoli et al. 2014) and its importance for employees (Rynes et 

al. 2004; Currall et al. 2005) makes it highly relevant to evaluate it. 

As our thesis investigates the importance of different components of a consultant's compensation 

related to his or her compensation satisfaction, it is necessary to define both which components we 

investigate as well as the construct of compensation satisfaction. The aim of this section is to give an 

overview of what compensation satisfaction is and why it is important.  

What is compensation satisfaction? 

As all types of satisfaction, compensation satisfaction is an attitudinal response to the compensation 

scheme in place (Williams et al. 2008; Pinder 2008; Judge & Kammeyer-Mueller 2012). Attitudes 

are one of the most extensively researched topics of organizational psychology and are commonly 

defined as "… a psychological tendency that is expressed by evaluation of a particular entity with 

some degree of favor or disfavor" (Eagly & Chaiken, 1993 in Pinder, 2008). Compensation 

satisfaction is thus the result of an employee's evaluation of the outcome (total compensation) relative 

to his or her expectations (Judge & Kammeyer-Mueller 2012). If the employee perceives his or her 

effort to be adequately rewarded, it results in satisfaction and conversely in dissatisfaction if the 

reward is perceived as inadequate (Williams et al. 2008). It is important to note that an attitude is 

formed based on both cognition (beliefs) and affect (feelings) (Judge & Kammeyer-Mueller 2012). 

When dealing with the construct of compensation satisfaction, we are thus considering behavior 

beyond the usual assumptions of rational agents in economics (Hendrikse 2003). 

One reason why compensation satisfaction is important is because attitudes play an important role in 

an employee's behavior (Pinder 2008). The path between attitude and behavior is however not a direct 

one and by observing an employee's attitude toward something (compensation, for example), we 

cannot necessarily predict a specific action. In understanding how attitudes may or may not result in 

employee behavior, we draw on theory of reasoned action (see figure 6). In our case, consultants will 
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form attitudes toward their compensation (the object) based on beliefs about it. Such beliefs are 

mental linkages between an object (compensation) and a value, concept or attribute (e.g., that base 

salary is high, or that allowance is high, etc.). If a consultant makes a mental link between 

compensation (the object) and the belief that base salary is high, the consultant will, based on their 

own values, form an attitude toward compensation (the object). For instance, if we assume that a 

consultant prefers base salary relative to other components, he or she will form a positive attitude 

toward compensation if the base salary component is perceived as adequate (Pinder 2008). 

Figure 6: Theory of reasoned action 

 

Source: (Pinder 2008) 

 

Attitudes in themselves do not result in behavioral action but may influence a person's intention to 

behave in a specific way. An attitude can thus result in a number of behaviors, but these are dependent 

on social norms and one's attitude toward the act.  

Thus, if a specific behavioral opportunity presents itself, a general positive attitude toward an object 

may result in one of the intended behaviors. In our case, a high level of compensation satisfaction 

(positive attitude toward compensation) may lead to intentions to increase effort in a number of ways 

such as taking on an extra task, working extra hours, helping a colleague, engaging in social activities 

etc. Which of these behaviors the person ends up carrying out depends on the opportunities to do so. 

In short an "attitude is viewed as a general predisposition that does not predispose the person to 

perform any specific behavior." (Fishbein & Ajzen, 1975 in Pinder, 2008). People generally follow 

their intentions, but the specific action they carry out cannot be predicted. Therefore, whether a person 

develops a positive or negative attitude toward something (e.g., their compensation) is a key 
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determinant of their intentions (e.g., towards working hard) and, consequently, behavioral outcomes 

(e.g., their actual work effort).  

The degree to which an intention will result in actual behavior depends on the specificity of the 

intention (Pinder 2008). An intention to "work harder" is thus less likely to result in actual harder 

work than an intention to "work until 8pm every day" (accepting that working hours is a proxy for 

harder work, for the simplicity of the argument). Such specificities of intentions can take many forms 

and be in terms of the target, the time or the situation in which the behavior will occur.  

In sum, there is a linkage between attitudes and behavior, but the relationship is unpredictable. 

Because of the social environment and the perceived consequences of action, it is not possible to infer 

how exactly the person will act. However, we can make the prediction that if a person has a general 

positive attitude toward something (compensation, for example), positive (job) behaviors are more 

likely to ensue than negative (job) behaviors (Pinder 2008). 

In line with previous research (Williams et al. 2008), we use the following definition of compensation 

satisfaction: "compensation satisfaction is the amount of overall positive or negative affect (or 

feelings) individuals have towards their pay" (Miceli & Lane, 1991, p. 246). We do however define 

pay a bit broader than just the pecuniary rewards that an employee receives for his or her work and 

include benefits and the administration of pay and benefits, as can be seen in our sampling. This 

inclusion is in line with previous compensation satisfaction research (Williams et al. 2008; Currall et 

al. 2005) 

Key components of compensation satisfaction 

Having outlined what compensation satisfaction is, it is necessary to further define the components 

of the overall construct. Most scholars agree that compensation satisfaction is a multidimensional 

construct (Currall et al. 2005; Fong & Shaffer 2003; Pinder 2008; Vandenberghe & Tremblay 2008; 

Williams et al. 2008; Tekleab et al. 2005), meaning that various elements (components) of a person's 

compensation may result in different degrees of (dis)satisfaction. Hence, a person may be happy about 

the degree of flexibility and vacation policies, while at the same time feeling unhappy about the bonus 

(Pinder 2008; Vandenberghe & Tremblay 2008). However, as Currall et al. (2005) noted, employees 

often bundle their attitudes to one aggregate affective reaction towards their compensation and reward 

scheme. The bundling of attitudes towards individual components into one aggregate is important to 

the way that we are dealing with compensation satisfaction, namely that compensation satisfaction is 

an overarching attitude towards pay and rewards, which is made up of a range of attitudes towards 

single components that may be both positive and negative.  

The components of compensation satisfaction are generally thought to be satisfaction with (1) pay 

levels, (2) pay raises, (3) benefits and (4) pay structure/administration (Vandenberghe & Tremblay 

2008). These four factors can roughly be classified into two main groups, describing either 
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compensation form (pay vs. benefit) or compensation focus (outcome vs. procedure) (Williams et al. 

2008; Currall et al. 2005). This is in line with how we dealt with our data in the sampling section (see 

figure 5) 

Theories on why compensation satisfaction has an impact 

Having reviewed relevant literature on what compensation satisfaction is, the question that remains 

is why firms should care about compensation satisfaction. This section will review theories, which 

seek to predict employee behavior. 

Equity theory and distributive justice 

Theories of distributive justice, like equity theory and relative deprivation theory, have been 

highlighted for explaining how people react to their relative level of compensation (Miceli & Mulvey 

2000; Currall et al. 2005). The equity model argument is similar in structure to how people form 

attitudes (as accounted for above), namely that people evaluate their position (their compensation) 

and, based on that, form intentions to act (Pinder 2008). Equity theory suggests that people compare 

their individual association between compensation (outcome) and effort (input) with the same 

individual associations of their peers, i.e., persons with similar characteristics and similar job 

descriptions. A peer need not necessarily be a colleague – such comparisons will also take place with 

peers being employed elsewhere (Pinder 2008). Equity ratios can be defined as (Adams 1965): 

𝐵𝑒𝑙𝑖𝑒𝑓 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓𝑜𝑤𝑛 𝑜𝑢𝑡𝑐𝑜𝑚𝑒

𝐵𝑒𝑙𝑖𝑒𝑓 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑜𝑤𝑛 𝑖𝑛𝑝𝑢𝑡𝑠
 𝑐𝑜𝑚𝑝𝑎𝑟𝑒𝑑 𝑡𝑜 

𝐵𝑒𝑙𝑖𝑒𝑓 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑝𝑒𝑒𝑟′𝑠 𝑜𝑢𝑡𝑐𝑜𝑚𝑒

𝐵𝑒𝑙𝑖𝑒𝑓 𝑎𝑏𝑜𝑢𝑡 𝑡ℎ𝑒 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑝𝑒𝑒𝑟′𝑠 𝑖𝑛𝑝𝑢𝑡
  

Where the input is what a person believes he contributes with and what he believes his peers 

contribute with in terms of not only working hours but also educational background, merits, intentions 

and commitment, etc. In other words, the input represents an aggregate of all aspects of value that the 

individual believes to contribute to the organization. The outcome represents the individual’s 

compensation and reward scheme but may also include factors such as perceived status and 

development opportunities. Distributive justice is realized once a person's outcome/input ratio is 

equal to the one of his or her peer (Adams 1965). Thus, people will accept that others are more 

generously rewarded so long as their relative input is proportionally greater, thereby balancing out 

the ratios. In this respect, it is important to note that the belief about the value of outcomes and inputs 

are subjective. For instance,  people have a tendency to place relatively greater importance on the 

components of their aggregate input with which they are competitive (Pinder 2008). Hence, a person 

with a specific skill will weigh that specific skill as of relatively high importance, regardless of 

whether the employer agrees. Consequently, although an employer may perceive a given 

compensation and reward scheme as fair, the employees may disagree, as perception of fairness and 

justice is subjective (Pinder 2008). 
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When a person believes that he or she is experiencing inequity (i.e., when the equity ratios do not 

balance), the person will try to restore equity. As it is generally not possible to moderate the input or 

outcome of peers, restoring equity can generally be done in two ways (or both at the same time). 

Either by changing one's level of outcomes or input (Adams 1965). A person can, for example, try to 

increase outcome by demanding more of a certain component of his aggregate outcome that is 

valuable to him or her, whether that be a pay raise or greater flexibility (Pinder 2008). Another 

alternative is to decrease input, either by shirking or by negotiating the scope of one's tasks. Though 

these two reactions would be the most straightforward or logical reactions, the action to restore equity 

is depends on the given compensation and reward scheme. An employee with predominantly fixed 

compensation components will logically respond by reducing the level of input if he or she is 

underpaid. Conversely, an over rewarded employee in the same situation will attempt to increase his 

or her level of input in order to restore equity (Pinder 2008).  

Three major assumptions must hold in order for equity theory to be accurate. First, it is implicit that 

people actually have beliefs in terms of what a fair and equitable return is, considering their 

contribution. Second, equity theory assumes that people compare the input/outcome exchange with 

their employer to other people in (perceived) similar exchange relationships. Finally, it assumes that 

people who believe that they are being treated unfairly are motivated to do something about it (Pinder 

2008). 

Social exchange theory 

Many researchers point to social exchange theory in order to understand some of the observations 

that economic theory find difficult to explain (Miceli & Mulvey 2000; Williams et al. 2008; Rhoades 

& Eisenberger 2002; Lee & Bruvold 2003; Dysvik & Kuvaas 2008; Settoon et al. 1996). Exchange 

relationships (i.e., employment contracts) can be understood as having both an economic aspect, 

which is determined purely by the rewards provided in exchange for work, and an affective aspect, 

which is related to the employee's emotional attachment to an organization. The most important 

distinction between economic and social exchange is that while economic exchange is often specified 

in terms of obligations, social exchange is diffuse in nature, meaning that the (expected) reciprocal 

behavior is not defined in terms of how or when it must occur (Blau 1994)  

Peter Blau formed the thoughts on social exchange theory in 1964 (Ekeh 1974) and later refined the 

theories. We will base our understanding of social exchange theory on these works. Social exchange 

theory seeks to explain the conditions that bring about reciprocal relationships between people (and 

organizations), both in terms of initiating them but also for the continuation of such relationships. A 

primary assumption of social exchange theory is that social relationships are established because 

people expect them to be rewarding and worth their while (i.e., satisfying). As such, both parties in a 

relationship must expect the association with the other party to be rewarding. People on the receiving 
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end of a favor will feel obliged to reciprocate. That is, of course, as long as the person feels that the 

association is rewarding and would like to keep receiving such favors (Blau 1994). 

Social exchange theory suggests that when organizations take beneficial actions directed at 

employees, high quality exchange relationships are formed, in which their employees feel obliged to 

reciprocate. This feeling of indebtedness will persist until the employee feels that he or she, through 

in-role effort, citizenship or organizational commitment, has repaid (reciprocated) the favor (Settoon 

et al. 1996).  

An employee's affective commitment to an organization can be described as the degree to which that 

person feels a sense of unity with the organization (Settoon et al. 1996; Eisenberger et al. 1986). 

Social exchange theory can thus help explain why some employees engage in (positive) behavior 

which they are not contractually bound to or rewarded for (Settoon et al. 1996).  

Procedural justice 

Different from the theories we have reviewed so far is procedural justice, which is "the means by 

which rewards and punishments are distributed" (Pinder, 2008, p. 338).  Procedural justice is thus 

concerned with methods, mechanisms and processes in relation to decision-making, dispute-

resolution and allocation. According to Leventhal (1980), procedural justice is perceived to be high 

if the system that determines the level of compensation is designed according to a certain set of 

criteria. First, the system must be based on consistent procedures, avoiding the use of any 

extraordinary treatment of certain employees that may be perceived by others as unfair special 

treatment. Second, the system should be based on accurate information, with opportunities to make 

corrections. Third, the system should take the interests of all legitimate parties into account, all while 

adhering to certain moral and ethical standards (Pinder 2008). It has been shown that if organizations 

adhere to principles of procedural justice, employees are much more likely to accept even unfavorable 

distributive outcomes. In other words, procedural justice can mitigate the feelings of unfairness that 

may stem from the relative distribution of rewards, so long that the system is perceived as fair and 

equitable (Colquitt et al. 2001; Pinder 2008). Satisfaction with procedural aspects, at least to the same 

extent as satisfaction with distributive aspects,  has been found to have a positive impact on 

performance (Pinder 2008) as well as on perceived organizational support (Miceli & Lane 1991; 

Williams et al. 2008). Thus, together, distributive and procedural justice provides some reasons as to 

why a greater focus on compensation satisfaction may be beneficial to firms. 

Summing up, we have reviewed some influential theories of how behavioral action is directed in 

organizations, namely equity theory, theories of procedural justice and social exchange theory. The 

next section will introduce another concept that is relevant for the impact of compensation 

satisfaction, namely perceived organizational support. 
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Perceived organizational support 

As we will account for in a later section, compensation satisfaction has been found to have a positive 

impact on a number of behavioral outcomes. Compensation satisfaction is generally believed to 

influence a construct called perceived organizational support, which in turn influence behavioral 

outcomes. In other words, the link between compensation satisfaction and these positive impacts are 

mediated by perceived organizational support (Williams et al. 2008; Vandenberghe & Tremblay 

2008; Rhoades & Eisenberger 2002). The next section will thus review the concept of perceived 

organizational support before the thesis continues with the impact of compensation satisfaction, as 

perceived organization support is central to understanding the impact of compensation satisfaction. 

The concept of perceived organizational support assumes a "personification of the organization" point 

of view, stipulating that the organization can be viewed as an individual that employees can form 

global views about. Thus, social relationships can be formed between people and organizations, much 

like social relationships can be formed between two people. In the case of perceived organizational 

support, employees form beliefs about the extent to which the organization values their contributions 

and care for their well-being (Eisenberger et al. 1986). In other words, perceived organizational 

support is about how an employee is being treated by the organization and how the employee 

interprets that treatment. Perceived organizational support is an aggregate term that is based on three 

general areas of perceived favorable treatment, namely fairness, supervisor support and 

organizational rewards/job conditions (Eisenberger et al. 1986). Of the three areas, only the third is 

relevant for the purpose of this thesis, as it relates to recognition, pay and promotions (Rhoades & 

Eisenberger 2002) 

Perceived organizational support is "…influenced by the frequency, extremity and judged sincerity of 

statements of praise and approval" (Eisenberger et al., 1986, p. 501). In short, perceived 

organizational support is higher when employees feel that the favorable treatment is given without 

any external pressure. By external pressure, it is meant that any external forces, such as government 

regulations and union agreements, should not be the reason why an employee receives a given 

treatment, exactly because it would lose its supportive meaning by not being voluntary. Besides 

external pressures, the extent to which the preferential treatment is needed or called for in an 

employee's situation is important for the perceived organizational support. Hence, when an employee 

is in need of the treatment given, it will have a stronger impact on perceived organizational support. 

For example, an employee will feel indebted if the organization is supportive during times of illness, 

when flexibility may be more needed than during other times (Eisenberger et al. 1986). This would 

imply that having policies allowing for flexibility such as a menu of compensation components could 

be beneficial. These must however still adhere to principles of procedural justice.  

Eisenberger et al. (1986) found that perceived organizational support increases the affective 

commitment and reduces absenteeism among employees. For employees with a strong exchange 
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ideology, the relationship was even more profound. The following section will add further findings 

of relevance to the impact of compensation satisfaction, much of which is mediated by perceived 

organizational support. 

The impact of compensation satisfaction 

The fact that employees are satisfied with their compensation and reward scheme is, in itself, not 

very interesting to employers. However, if compensation satisfaction is found to foster certain 

favorable outcomes, then compensation satisfaction may be a source of competitive advantage that 

is worth exploring. 

Compensation satisfaction is believed to influence several behavioral outcomes and attitudes such as 

perceived organizational support (Miceli & Mulvey 2000; Williams et al. 2008; Vandenberghe & 

Tremblay 2008), employee turnover intentions (Currall et al. 2005), commitment to the organization 

(Miceli & Mulvey 2000; Vandenberghe & Tremblay 2008; Kuvaas 2006) and even performance 

(Currall et al. 2005; Schneider et al. 2003). The following section will review some of the relevant 

work that has advanced the understanding of which outcomes that compensation satisfaction can lead 

to. 

Miceli and Mulvey (2000) made two field studies, one on employees in a large company in the 

telecommunications industry and another one among different knowledge workers participating in a 

research panel. They tested the same hypotheses on both samples. Their findings suggest that pay 

level satisfaction and to a greater extent pay system satisfaction (pointing to procedural justice), was 

positively related to perceived organizational support. Consequently, perceived organizational 

support was also found to be positively related to commitment. This would suggest, that what matters 

more to employees than absolute pay levels is how compensation is determined, allocated, 

administered and communicated.  

In a study of the antecedents of compensation satisfaction, Williams et al. (2008) tested seven 

different antecedents of compensation satisfaction and their influence on perceived organizational 

support. They found that all seven antecedents predicted their (corresponding) compensation 

satisfaction dimensions17, some of which had an impact on the level of perceived organizational 

support (see figure 7). These were pay structure satisfaction (distributive justice), variable pay 

procedures satisfaction (variable pay weight) and benefit determination satisfaction (procedural 

justice). 

The study supported the notion that employees may simultaneously be more or less satisfied with 

different components of their individual compensation and reward schemes. No aggregated measure 

of total compensation satisfaction was included in the study. Consequently, their findings cannot be 

                                                 
17 The seven antecedents tested were: Pay comparisons, internal consistency, pay raise adequacy, bonus amount, benefit 

comparisons, benefit choice and efficiency of reimbursements. 
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used to evaluate the relative importance of each compensation component for total compensation 

satisfaction. Finally, they tested the relationship between perceived organizational support on the one 

hand, and affective commitment and turnover intentions, respectively, on the other. They found 

positive relationships in both cases (Williams et al. 2008). 

Figure 7: Antecedents – Dimensions of compensation satisfaction – perceived organizational support 

 

Source: Williams et al. (2008) 

 

In a study of some 6000 American public school teachers, Currall et al. (2005) found a positive and 

significant relationship with compensation satisfaction  and level of performance. The level of 

performance of teachers was based on the academic performance of their respective students. An 

additional interesting finding of the study was that compensation satisfaction was significantly and 

negatively related to a teacher's intention to leave the job.  

Another study relating to compensation satisfaction and organizational performance was conducted 

by Schneider, Hanges, Smith, & Salvaggio (2003), who investigated the relationship between 

different kinds of employee attitudes and firm financial performance (measured as ROA and EPS). 

The data was obtained from a consortium of US corporations, who all collected the same longitudinal 

data based on a "core survey" on employee attitudes. Their research found a positive and significant 

relationship between compensation satisfaction and ROA over time (Schneider et al. 2003). 
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Agency theory 

Agency theory, also known as principal-agent theory, takes its point of departure in the conflict of 

interest that may arise between a principal (employer, in our case a partner) when he or she puts 

another person (an agent, in our case consultants) in charge of his or her assets (Laffont & Martimort 

2001). The conflict of interest occurs because both principals and agents are assumed rational utility-

maximizers, which in many instances have different objectives given their risk preferences and utility 

functions. While principals are interested in inducing as much effort in agents as possible, the agents 

have a utility function, which is inversely related to effort. Agency theory generally argues that the 

differing interests lead to agency costs related to monitoring expenditures, bonding expenditures and 

residual losses from less than optimal task allocation (Jensen & Meckling 1976). These costs can be 

mitigated through a proper design of incentives, as agents are assumed have a utility function which 

is also positively related to monetary gains (Pepper & Gore 2015) 

Principals are thought to be risk-neutral because they have an opportunity to spread their risk across 

many projects and assets. Agents on the other hand are often very dependent on their job, as it may 

be the only source of income (Pepper & Gore 2015). 

Agency costs can be broken down to two categories – those that incur ex-ante and those that incur 

ex-post the formalization of a working relationships. In other words, some agency costs are incurred 

even before an employee is hired (referred to as hidden characteristics) while other happen during the 

working relationship due to hidden actions (Hendrikse 2003). 

Hidden characteristics  

Because of asymmetric information between the principal and the agent, issues of hidden 

characteristics arise. Only the agent will have complete information about his or her own 

characteristics, which may be important for the contingencies of a certain task, meaning that he or 

she has the opportunity to extract rents from such private information (Hendrikse 2003). Adverse 

selection is a hidden characteristics problem, where employers have difficulties in observing the 

characteristics of employees and thus have a risk of selecting the "wrong" ones. This is an important 

problem, which companies mainly solve through their recruiting process, but also by offering 

different types of contracts, which reveal information about the agents. A low performing agent will 

for example not self-select into a contract where such characteristics will be revealed, whereas a high 

performing agent will have no problem with that (Hendrikse 2003). Good agents may also themselves 

seek to signal (reveal) their characteristics in cases where this is favorable. Such signaling may 

happen in terms of educational background, references or other things that indicate superior 

qualifications (Hendrikse 2003). 
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As this thesis is mainly concerned with the impact of compensation scheme components on 

compensation satisfaction, we are less interested in ex-ante events. Rather, our main interest lies in 

the following section on ex-post agency costs. 

Hidden actions 

The basic idea of delegating responsibilities to agents is that the principal cannot and does not need 

to carry out all tasks. This does however entail, that the principal is also not able to observe the effort 

and actions of the agent at all times, which leads to problems of hidden actions in cases of interest 

conflicts (Hendrikse 2003). In such a situation, a rational agent will seek to structure the work in a 

manner, which is beneficial to him or her, but at the expense of the principal. This is also termed 

moral hazard and includes granting excessive benefits, shirking and empire building among other 

things (Laffont & Martimort 2001; Holmstrom 1982). 

Agency theory suggests two basic methods of dealing with problems of moral hazard, namely 

obtaining more information or aligning the interests of agent and principal (Hendrikse 2003). The 

first solution of obtaining more information is generally done through various ways of monitoring the 

actions of the agent. Though there are legal requirements for monitoring, which depending on the 

business would be audit in different areas, most of such monitoring instruments are warranted by the 

principal. These come in the form of reporting work progress or through hiring of third parties to 

monitor (Hendrikse 2003). Even the way compensation is designed, piece rates for example, could 

also be a way of creating more information about the actions of agents (Hendrikse 2003; Lazear 

1996). The underlying logic in agency theory is then, that the more a principal monitors, the less 

likely it is that the agent will get away with dubious behavior. However, monitoring is costly and 

mostly borne by the principal, except for situations where the agent in order to show his or her good 

intentions purposely undertake (inefficient) actions to create more information for the principal 

(Hendrikse 2003). A principal must thus balance the extent to which he or she monitors agents, which 

is the point where the marginal cost of monitoring equals the marginal reduction in agency costs 

(Laffont & Martimort 2001). 

The second solution of aligning the interests of principal and agent often come in the form of various 

incentives, which seek to create a payment structure for the agent that resembles the one of a principal 

(Bénabou & Tirole 2003). Given that a principal is a residual claimant with a utility function of an 

owner-manager (at least in consulting) (Goodale et al. 2008) and an agent is not, there may be a 

fundamental conflict resulting from the differences in what constitutes an attractive result. Thus, if 

the principal can create incentive schemes with an element of risk-sharing the interests will be better 

aligned. This may be difficult though, as most agents are risk-averse and will not accept a contract 

with a too large proportion of variable pay (Lazear & Rosen 1981). 
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Compensation packages with a more moderate weight on variable components may however be 

feasible. Variable payment schemes tie a share of an agents' compensation to one or more measures, 

which aims at affecting the principal's utility proportionally in the same way as the agents. A good 

variable incentive scheme thus align the objectives of agent and principal (Baker 1992). However, 

such measures must be strictly related to factors that the agent can influence. An unfortunate event 

such as an economic downturn may for example reduce the value of a principal's asset, even though 

the agent has acted efficiently. Variable pay schemes must not be affected by such exogenous factors, 

which are also known as environment uncertainty (Hendrikse 2003). 

Incentives and working in teams 

We use the same definition of a team setting as in Saugstrup & Daugaard (2016). The definition is 

posed by Holmstrom (1982, p. 325), which define a team as a “… [a] group of individuals who are 

organized so that their productive inputs are related.” We argue that this is an adequate 

representation of the structure of (ordinary) client project teams in management consulting. Similar 

to situations in which the effort of individual agents may be properly distinguished, incentive schemes 

may be utilized to induce effort and to moderate the behavior of agents in multi-agent settings (Che 

& Yoo 2001). However, contrary to principal-agent models with a single agent, a multi-agent setting 

that resembles Holmstrom's (1982) definition of a team, the effort of individual agents are 

indistinguishable from one another. Therefore, a team setting is inclined to foster moral hazard issues, 

particularly free-riding amongst the individual agents (Holmstrom 1982). This is because agents 

perceive effort as a disutility, which they would like to mitigate. If the principal is only able to reward 

effort based on the collective output of his team of agents, then the fruits of an additional unit of effort 

by an individual agents is shared equally across the team. Thus, each individual agent will be inclined 

to free-ride, putting in just enough effort to avoid being caught by the principal (Nalbantian & 

Schotter 1997). Nalbantian & Schotter (1997) shows that, in a multi-agent setting that resembles our 

definition of a team, over multiple periods, all team members will adjust their level of effort 

downwards so that everyone just contributes enough to avoid getting caught by the principal. 

However, other issues relating to moral hazard, like self-dealing, has not been found to be more 

prevalent in multi-agent settings (Che & Yoo 2001). Therefore, the focus should be on how best to 

combat the inherent weakness of the team structure, in which individual effort is indistinguishable, 

namely its tendency to promote free-riding (Holmstrom 1982; Che & Yoo 2001). 

Two distinctive tools are often mentioned in principal-agent theory as potential remedies to mitigate 

moral hazard in teams. 

Monitoring 

The principal could engage in further monitoring of his agents. While this would probably solve the 

free-riding problem (Alchian & Demsetz 1972), spending more time with the team of agents may 

defeat the purpose of task delegation (Holmstrom 1982). Further, monitoring non-routine work of in 
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the kind of multi-agent setting that we are concerned with may be costly for the principal (Greenwood 

& Empson 2003). By costly, we are referring to the amount of effort that the principal would have to 

employ in order to properly assess the individual performance of each agent of the team. However, 

although tying compensation to the value of the collective output is suboptimal, Che & Yoo (2001) 

argues that such a compensation structure may promote a certain level of peer monitoring, as team 

members will try to discipline or motivate each other. Still monitoring remains an expense, in the 

sense that effort spend on monitoring cannot be spend on other tasks. Therefore, it only makes sense 

to engage in monitoring until the marginal cost of monitoring equals the marginal value gained by an 

additional unit of effort spend on monitoring. 

Explicit incentives 

There are two general classes of schemes for incentivizing agents in a team setting, namely relative 

performance evaluation (RPE) and joint performance evaluation (JPE) (Che & Yoo 2001). These 

two schemes lead to fundamentally different team dynamics (Saugstrup & Daugaard 2016). They are 

distinguished from each other by the way that the performance of other team members affect the 

payout of an individual agent (Che & Yoo 2001).  

In an RPE scheme, the individual agent is in effect penalized if fellow team members perform better, 

as he/she is evaluated in relative terms. Consequently, an RPE scheme encourages agents to compete 

against each other (Nalbantian & Schotter 1997). While such dynamics do solve some pitfalls 

associated with other incentive schemes, it is counter-productive in a team setting in which joint value 

creation is the purpose. First, by evaluating performance in relative terms, the agents are in effect 

shielded from the influence of external factors, such as an uncooperative client or insufficient data. 

Agents will arguably value that their compensation is controlled for any factors that are outside of 

their control (Hendrikse 2003). However, the viability of RPE schemes rest on the notion that an 

objective measurement of individual performance is available to the principal, something that is rarely 

the case in the kind of multi-agent setting that we are concerned with.  

The other type of explicit incentive schemes for teams, JPE, incentivizes agents by tying their 

individual compensation to the quality of the collective output (Che & Yoo 2001). To avoid the free-

riding issues described earlier, a JPE scheme should promote peer monitoring extensively, possibly 

by allowing team members to sanction each other for bad behavior in order to establish a sense of 

mutual accountability, which is possible if the individual agents are likely to engage with each other 

repeatedly (Kandel & Lazear 1992; Barron & Gjerde 1997; Che & Yoo 2001). 

However, finding the optimal way to incentivize strong joint performance is not simple. JPE schemes 

typically underperform, as teams are reluctant to exceed a given performance target set by the 

principal, since they suspect that this would result in the target being raised for subsequent tasks 

(Nalbantian & Schotter 1997). In other words, JPE schemes may lead to intentional 
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underperformance, as agents collectively choose to forego immediate gains in order to avoid 

providing the principal with a reason to raise the performance target for subsequent tasks.  

Summing up, it is evident that there is a trade-off between incentivizing agents to perform at their 

best and promoting valuable teamwork. An optimal compensation and reward scheme would have to 

strike the right balance between these conflicting forces. 

 

The relative power of compensation components 

Having covered the basic theoretical foundations of compensation satisfaction and related concepts, 

the aim of this section is to review findings that may indicate the relative power of the different 

components of a typical compensation and reward scheme for management consultants. 

As noted, scholarly work has previously concluded that compensation satisfaction is a 

multidimensional construct, but to our knowledge, there is no sound empirical evidence as to the 

relative importance of the different components (e.g., base salary, benefits, incentive pay, etc.), in 

terms of explaining overall compensation satisfaction. However, as outlined in the introduction 

section (delimitations) we may draw on findings relating to the various components’ impact on 

another important construct for organizational performance, namely motivation. Motivation is known 

to be influenced by the different compensation components (Kuvaas 2006; Gardner et al. 2004; 

Weibel et al. 2014). Further, high levels of motivation also leads to some of the same outcomes, such 

as performance and organizational commitment (Kuvaas 2006), that compensation satisfaction 

(mediated by perceived organizational support) does (see figure 1). Based on this, we believe that 

some of the findings regarding various components' impact on motivation will be useful in predicting 

the same components' impact on compensation satisfaction. 

Compensation and its impact on motivation and effort has frequently been the interest of researchers 

and practitioners within a range of fields such as organizational psychology, sociology and economics 

(Gagné & Forest 2008; Cerasoli et al. 2014; Bénabou & Tirole 2003). In order to evaluate how and 

why compensation affects motivation and effort, it is necessary to review some basics of motivation 

theory. 

Being motivated is to be energized and activated towards achieving some objective (Ryan & Deci 

2000a). Generally, motivation can be defined as the drive that leads people to make an effort. It 

concerns aspects of the energy, direction and persistence with which people act (Ryan & Deci 2000b) 

Valency-instrumentality-expectancy (VIE) theory  

Like equity theory, VIE theory, first defined by Vroom in 1964, assumes that people make choices 

based on their beliefs and attitudes (Pinder 2008). VIE is part of expectancy theories of work 

motivation, whose main arguments build on an employee's expectations about his ability to perform 
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well at work, about whether working hard will lead to success and about whether successes will lead 

to outcomes from which he gains utility (Pinder 2008). It builds on three main arguments of how 

people are directed and motivated, namely that people (1) believe that a certain behavior will lead to 

outcomes (effort will lead to performance); (2) that people believe that such outcomes will be 

rewarded (performance will lead to rewards) and (3) that people consider those rewards valuable 

(Pinder 2008). People are thus directed to the extent that these three beliefs are present. 

Valence are affective orientations, or simply preferences, that people hold towards various outcomes. 

Thus, a given outcome is positively valent to a person, if that person prefers that outcome relative to 

another. Similarly, people can have negative valence toward some outcomes such as layoffs, stress 

or other unpleasantries (Pinder 2008). It is important to note, that valence refer to the expected 

satisfaction that a given outcome will yield for a person.  

Job performance is in itself an outcome, but it is also likely to result in other outcomes such as pay or 

a promotion. Performance is thus a first-level outcome, whereas the ensuing outcome is a second-

level outcome. Second-level outcomes are thus said to hold valances, whereas performance is valent 

because it is connected to second-level outcomes. The strength of these ties between first- and second-

level outcomes is said to be determined by its instrumentality. 

Instrumentality describes the degree to which performance and the resulting outcome is linked. The 

stronger the link, the more likely it is that a person will perceive the outcome as positively valent. 

Thus, an outcome is positively valent if a person believes that performance is instrumental to reaching 

the preferred outcome (e.g. a promotion). Instrumentality thus describes to which degree performance 

leads to the second-level outcome. Instrumentality is important since a given reward will only be 

motivating as long as it is clear what lead to that reward. If pay raises are distributed at random, the 

instrumentality between performance and pay raises is low and thus not motivating.  In other words, 

for a compensation and reward scheme to have a positive effect on employee performance, it must 

tie positively valent outcomes to performance.  

Expectancy refers to the degree to which a person believes that his or her actions can lead to first-

level outcomes (performance). An outcome may be positively valent and tied to high performance, 

but if people do not believe that their actions can lead to high performance, the instrumentality is 

irrelevant altogether in terms of motivation (Pinder 2008). In other words, if a person does not think 

that he or she is able to perform (due to skill, circumstances, etc.) it will decrease motivation. The 

degree to which a person expects that high performance can lead to first-level outcomes depend, 

among other things, on self-efficacy – the belief in one's own capability to perform a specific task 

(Pinder 2008). 
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Self-determination theory 

As our point of departure we will use Self-Determination Theory (SDT), which seeks to explain why 

and how people are motivated to act from a psychological perspective (Ryan & Deci 2000b). SDT 

propose that all people have three basic psychological needs that needs to be satisfied. It is these 

needs that, depending on the degree to which they are satisfied, can affect the strength and nature of 

motivation for a given employee. These three needs are the feelings of autonomy, competence and 

relatedness. Autonomy is related to the degree to which an employee feels that he or she has the 

freedom to shape the way work is carried out. Hence, autonomy is impacted by the organizational 

structure, guidelines, rules of conduct and the degree of monitoring, among other things (Ryan & 

Deci 2000b). Competence is the degree to which an employee feels that he or she is good at solving 

the task (job) at hand. Feelings of competence can be strengthened by having challenging yet 

achievable tasks that generate feelings of mastery. Finally, relatedness expresses the degree to which 

a person feels a sense of belonging and connectedness with others (Ryan & Deci 2000b). 

The degree to which the three needs are satisfied can determine the nature of an employee's 

motivation. Scholars generally make a distinction between intrinsic and extrinsic motivation, which 

are distinguished from each other in terms of the degree to which behavior is self-determined. 

Intrinsic motivation is not driven by external incentives such as pay, monitoring or punishment 

(Bénabou & Tirole 2003). Thus, an intrinsically motivated person is performing a task only for the 

inherent satisfaction that it yields (Ryan & Deci 2000b). Intrinsically motivated, relative to 

extrinsically motivated people, show more interest, excitement and confidence in what they are doing, 

which leads to higher performance, more creativity, increased well-being and greater persistence 

(Ryan & Deci 2000b). Intrinsically motivated people have an internal perceived locus of causality, 

whereas it is perceived as external for extrinsically motivated people. That being said, the nature of 

extrinsic motivation can vary a lot, because the perceived locus of causality can differ along a 

continuum (see figure 8). The differences in the types of extrinsic motivation is determined by the 

extent to which an external instrument is internalized and thus the perceived locus of causality (see 

figure 8).  

When the locus of causality is completely external to self, a person is only performing the task at 

hand in order to comply or because of rewards or punishments associated with certain behavior. At 

the other end of the continuum, extrinsic motivation can come close to intrinsic motivation, provided 

that the instruments or regulations are assimilated to self and are aligned with a person's values and 

beliefs. In such cases, the external instruments are acknowledged and valued, but the person is not 

considered as being intrinsically motivated as the behavior is still directed by an external instrument 

rather than inherent satisfaction (Ryan & Deci 2000b) 
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Figure 8: Continuum of self-determination 

 

Source: (Ryan & Deci 2000b) 

 

Motivation crowding theory 

The interaction between intrinsic and extrinsic motivation has been of interest to scholars as well as 

practitioners, as employers often attempt to promote both kinds (Bénabou & Tirole 2003). For 

example, a company with highly motivated employees (intrinsically motivated) may also have a 

performance-contingent salary package with some sort of monitoring mechanism (extrinsic 

motivation). It is thus of high relevance to understand how external instruments such as incentives, 

monitoring, etc. influence intrinsic motivation.  

According to motivation crowding theory, there is a risk that explicit incentives undermine intrinsic 

motivation, as it changes the locus of control from internal to external. It states that, counterintuitive 

to the relative price effect that is normally assumed in economics (Frey & Jegen 2001), supply of a 

given task will be lower when the associated rewards become higher (Bénabou & Tirole 2003): 

"..Motivation may be negatively affected when a previously non-monetary relationship is transformed 

into an explicitly monetary one" (Frey & Jegen, 2001, pp. 590).  

It is important to note that even though Frey & Jegen (2001) mention explicit monetary relationships, 

crowding theory is extended to include other external instruments such as monitoring, deadlines, 

directives, evaluations and imposed objectives (Ryan & Deci 2000b). The argument that the 

introduction of an external instrument has the potential to undermine intrinsic motivation is not a new 

one. Edward Deci made a case for it in 1971 (Deci 1971). Since then, quite a few scholars have been 
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arguing for the negative crowding-out effects of external intervention (Weibel et al. 2014; Frey & 

Jegen 2001; Bénabou & Tirole 2003). The crowding-out effects have also been supported empirically 

(Deci et al. 1999; Weibel et al. 2010; Gneezy & Rustichini 2000; Ariely et al. 2009). 

The reason why instruments for extrinsic motivation crowd out intrinsic motivation is that it 

potentially impairs both self-determination and self-esteem (Frey & Jegen 2001). Self-determination 

is weakened because the locus of control shifts away from oneself and the inherent satisfaction in the 

task, to the instrument and the reward or punishment associated with it. The reason for acting then 

becomes external to self (Frey & Jegen 2001; Deci 1971). Second, self-esteem can be weakened when 

external instruments become more pronounced, as these may be perceived as a signal of distrust in 

an employee's competences. It signals that an employee's intrinsic motivation is not acknowledged, 

thereby depriving the employee of an opportunity to show his or her own interest and involvement 

(Frey & Jegen 2001). 

However, external instruments will not always crowd out intrinsic motivation, but may also crowd-

in (increase) intrinsic motivation, under certain circumstances. In such instances, the external 

instrument is perceived as being supportive, which increases self-esteem and consequently self-

determination. Supportive external instruments may increase the possibility of observing output 

(results of the effort), which make an employee able evaluate his or her behavioral effectiveness. For 

instance, introducing a measure of the impact of a given task will make an employee aware of the 

effectiveness of his or her efforts. Being able to make such observations may lead to increased 

feelings of competence and self-esteem among employees (Gagné & Forest 2008) 

Having reviewed some basic concepts of motivation, we can now review relevant findings related to 

the components of a consultant's compensation and reward scheme. 

Base salary 

Base salary has been associated with several positive effects, including increased self-esteem 

(Gardner et al. 2004), affective commitment (Kuvaas 2006) and work performance (Kuvaas 2006). 

Since base salary is not contingent on reaching any specific performance objectives, a high base salary 

conveys a strong signal to an employee about his or her inherent worth to the organization. A signal 

which Gardner and colleagues (2004) argue is stronger than one-off lump sums such as bonuses, as 

base salary is not influenced by temporal conditions that may be attributed to luck or other exogenous 

factors. 

Kuvaas (2006) tested the impact of base salary levels on work performance, affective commitment 

and intrinsic motivation in a sample of Norwegian knowledge workers. He found that a relatively 

high base salary had positive impact on affective commitment and (self-reported) work performance, 

which was mediated by intrinsic motivation. In line with Gardner et al. (2004) it is argued that the 

positive effects stem from the signaling that relatively high levels of base pay conveys. Paying a high 
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base salary can potentially be risky for an organization, given that it is paying for an uncertain 

performance. Thus, a high base salary level is a way for an employer to express his or her trust in a 

given employee’s capabilities (Kuvaas 2006). 

Incentives  

The evidence on performance contingent rewards and its effect on motivation is debatable. 

Researchers have reported findings both for and against using such rewards to promote higher 

performance (Gagné & Forest 2008). This may be because there are two potential (and contradictory) 

effects of introducing performance contingent rewards. The first effect is negatively related to 

motivation. Based on crowding theory, it states that the introduction of performance contingent 

rewards will shift the locus of control from internal to external and thus crowd-out intrinsic motivation 

(Weibel et al. 2014). In extension, it will probably be necessary to introduce various monitoring tools, 

such as performance evaluation systems, in order to facilitate a performance-contingent reward 

component. Such measures will decrease autonomy and may have negative effects on intrinsic 

motivation. The second effect of performance contingent rewards is positively related to motivation, 

as such rewards may have a higher degree of instrumentality, which could strengthen feelings of 

competence as one's behavioral effectiveness can easily be observed (Gagné & Forest 2008). It has 

been argued that the two effects may cancel out in some cases, but that the overall effect may be 

negative because not all employees will be productive enough to benefit from a performance-

contingent plan (Gagné & Forest 2008).  

Several meta studies have found that performance contingent rewards generally have positive effects 

on performance of repetitive and rules based tasks (eg. Lazear, 1996), but negative effects on complex 

and investigative tasks (Weibel et al. 2010; Gagné & Forest 2008). In sum, whether performance 

contingent pay is positive or negative in terms of supporting intrinsic motivation and performance 

comes down to whether it is perceived as supportive. 

Merit pay 

Like incentives, merit pay is a performance-contingent reward because it is largely determined by 

previous performance. However, an important difference relative to the incentive component is that 

merit pay represents permanent changes to base salary (Nyberg et al. 2016). In addition, its link with 

base pay makes the signaling effect of merit pay important in terms of inducing feelings of 

organizational value and self-esteem in employees (Igalens & Roussel 1999). 

Igalens & Roussel (1999) found that among ‘exempt’ employees (employees that do not receive 

compensation for overtime – e.g., consultants) compensation may influence the level of motivation 

provided that the compensation is linked to performance and expressed as increases in fixed salaries. 

In other words, pay rises, not bonuses, were found to be motivating, as long as the perceived 

instrumentality (link between effort and performance) was high.  
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Allowances 

The impact of what we refer to as allowances has not been tested to the same extent as performance 

contingent pay and base salary. 

We do however know that training and education, which we also include in the allowance category, 

has been found to have an impact on organizational citizenship behavior, turnover intentions and task 

performance (Dysvik & Kuvaas 2008). Dysvik & Kuvaas (2008) have found a positive relationship 

between perceived training opportunities and (1) organizational citizenship behavior and (2) task 

performance. Further, they found a negative relationship between perceived training opportunities 

and turnover intentions. The results were fully or partially mediated by intrinsic motivation (Dysvik 

& Kuvaas 2008). They argue that this is because training and education opportunities may increase 

an employee's perception of being valued, which, in line with social exchange theory, suggests that 

they will engage in more helpful behavior than what is strictly demanded (Dysvik & Kuvaas 2008).  

Safety and work-life balance 

The safety and work-life balance component of our research contains both pecuniary and non-

pecuniary elements, with two main ones being the most important, namely insurances and work-life 

balance. As for the insurance aspect of this component, an American study showed that employees 

value healthcare and pension schemes highly (SHRM 2015). While we acknowledge that the 

European context is different from the American context, we argue that there may be significant 

differences within Europe in terms of how much value employees assign to employer-funded 

insurance and pension schemes. In terms of work-life balance, several studies have found positive 

outcomes from having a balanced private and professional life. Greenhaus, Collins, & Shaw (2003) 

found that people who spend more time with their families than on work generally experience higher 

quality of life than people who have an equal balance between the two. In relation to this, Kaiser et 

al. (2011) highlights the negative effects of work-life integration on various qualitative performance 

parameters, both on the individual level (commitment and job satisfaction) and on the organization 

level (absenteeism, retention rates, reputation and recruitment). In sum, in instances where company 

policies or other circumstances do not allow employees to spend an adequate amount of time off work 

and prioritize other aspects of their lives, it will tend to have a negative impact on certain aspects of 

organizational performance. 

Clarity and fairness 

Unlike the other components, clarity and fairness is referring to the administration and procedural 

aspects of compensation. It has been found to positively influence perceived organizational support 

(Miceli & Lane 1991; Miceli & Mulvey 2000) as well as performance (Pinder 2008). The findings 

can largely be attributed to concepts of social exchange and procedural justice, which has been 

accounted for earlier. 
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ANALYSIS 

This section seeks to apply theory to practice through the development and subsequent test of 

theoretically grounded hypotheses. The hypotheses are designed to direct our analysis in order to 

produce findings that enable us to address our three sub-questions and, consequently, provide an 

answer to our problem statement. The analysis makes use of multinomial logistic regression by 

following the model-building process as outlined in the section on statistical model-building. The 

section will conclude with a review of the findings and a summary of the results of the hypotheses 

tests. 

 

Developing hypotheses 

Relative importance of components 

Studies point to the base salary component being perceived as more supportive than performance-

contingent rewards such as bonuses (Kuvaas 2006; Gardner et al. 2004). This is due to the base salary 

component being an instrument that is not explicitly tied to certain goals or achievements, which, 

according to self-determination theory, increases an employee's feeling of autonomy and, 

consequently, intrinsic motivation (Ryan & Deci 2000b). Specifically, when an employee receives an 

adequate base salary, he or she is more likely to be intrinsically motivated and, we would expect, 

satisfied due to the positive signaling such salaries convey. Paying an employee a relatively generous 

base salary is a show of confidence and trust in the employee, due to the risk of overpaying if an 

employee fails to perform (Kuvaas 2006). From the viewpoint of social exchange theory, it is possible 

that consultants, who carry out complex tasks that are difficult to monitor, will value the favor (trust) 

that base salary signals and ultimately reciprocate the positive behavior through high performance 

(Pinder 2008).  Therefore, we expect that the base salary has an important impact on the perceived 

organizational support of management consultants, as the base salary, to a greater extent than one-off 

bonus payments, represents the degree to which a consultant is valued by the firm (Pinder 2008; 

Gardner et al. 2004).  

 

Incentive pay has the potential to (extrinsically) motivate employees (Hendrikse 2003) and, from 

organizational psychology and expectancy theory, we suggest that such large lump sum payments 

may be beyond how generously a consultant expects to be compensated and may thus result in 

forming positive attitudes toward pay (Pinder 2008; Judge & Kammeyer-Mueller 2012). However, 

incentive pay comes with the risk that it may crowd out intrinsic motivation (Weibel et al. 2014; 

Ariely et al. 2009) and be perceived as an instrument for controlling employee behavior (Ryan & 

Deci 2000b; Gagné & Forest 2008; Frey & Jegen 2001). Further, depending on the form of the 

performance-contingent reward, a high base salary may be perceived as equally generous to a 

consultant, though the instrumentality may not be as high as it is possible to achieve with the incentive 
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component (Pinder 2008). In the light of these findings, we suggest that base salary, because of 

positive signaling to employees, will be more important than incentives in terms of creating 

compensation satisfaction for consultants. Consequently, we form the following hypothesis: 

H1: The propensity to highlight base salary – to a greater extent than incentive pay – is positively 

related to higher levels of compensation satisfaction. 

 

Similarly, following the same argument of positive signaling, we propose that merit pay (salary 

progression) will be a stronger predictor, relative to incentive pay, of compensation satisfaction. This 

is due to merit pay’s recognition of past performance coupled with its future compounding effect of 

increasing base salary permanently, which is unlike the one-off lump sum that the incentive 

component represents (Nyberg et al. 2016). Merit pay, like incentive pay, may also increase 

satisfaction due to its instrumentality, i.e., its perceived positive association with performance (Pinder 

2008; Gagné & Forest 2008). Further, due to its primary effect, namely increasing base salary, merit 

pay may be positively associated with perceived autonomy, at least to a greater extent than 

performance-contingent rewards (Frey & Jegen 2001). We argue that this makes it more likely that 

we will observe merit pay being more important for compensation satisfaction than incentive pay. 

Consequently, our second hypothesis suggests that: 

H2: The propensity to highlight merit pay – to a greater extent than incentive pay – is positively 

related to higher levels of compensation satisfaction. 

 

Allowance is a significant factor in a consultant's compensation scheme, not least due to the often 

extensive work-related travel activities, in which the consultant often spends Monday through 

Thursday at the client site away from home (Kubr 2002). Because of this, allowances may be 

perceived as quite an important component, as allowances in practice take care of most living costs 

during weekdays. We argue that allowance will have a relatively high importance for compensation 

satisfaction because it is a component that is generally perceived as supportive, which in turn should 

support intrinsic motivation (Ryan & Deci 2000b; Frey & Jegen 2001). Further, allowances has the 

potential to be considered as one of the most appreciative compensation components, due to it being 

characterized by relatively small and frequent contributions (meals, accommodation, transportation, 

etc.), which is beyond what traditional compensation schemes would include in most common 

workplaces. From a viewpoint of social exchange, we thus expect allowance to be positively related 

to compensation satisfaction (Pinder 2008). Our third hypothesis proposes that: 

H3: Allowance – to a greater extent than incentive pay – is positively related to higher levels of 

compensation satisfaction. 
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We expect that consultants who show low levels of compensation satisfaction will find safety and 

work-life balance to be relatively more important than consultants with high levels of compensation 

satisfaction will. The main argument in support of this claim is that less satisfied consultants will feel 

lower levels of perceived organizational support and, consequently, be more inclined to leave the 

organization (Williams et al. 2008; Currall et al. 2005). Hence, they will tend to value their time off 

work more than consultants that are relatively more satisfied with their compensation and reward 

schemes. Employees with low levels of compensation satisfaction may, according to equity theory, 

have formed this negative attitudes toward compensation because they feel that their compensation 

is unfair relative to peers (Pinder 2008; Miceli & Mulvey 2000). This feeling of unfairness may be 

more or less pronounced, depending on the situation. Given that these dissatisfied consultants are 

more likely to leave the organization (Currall et al. 2005; Williams et al. 2008), we propose that they 

may value components that provide safety (such as pensions, insurance, etc.) higher than components 

associated with current outcomes. For higher levels of compensation satisfaction, we expect to find 

the opposite, namely that safety and work-life balance is less important. These consultants probably 

perceive a higher degree of instrumentality between performance and positively valent outcomes, of 

which current pecuniary components may be the most dominant in consulting (Pinder 2008). 

Combined with self-efficacy and a high expectancy that the positively valent outcomes are 

achievable, we suggest that consultants with high levels of compensation satisfaction find safety and 

work-life balance less important. We thus propose that: 

H4: The relative prominence of safety and work-life balance diminishes as compensation satisfaction 

rise 

 

Following the same type of argument, we propose that consultants who are highly satisfied with their 

compensation, and thus feel relatively high levels of perceived organizational support, are relatively 

more committed to their organizations (Rhoades & Eisenberger 2002). These consultants are likely 

to be more intrinsically motivated and will value components that are perceived as supportive, while 

allowing them the autonomy to carry out the work as seen fit (Ryan & Deci 2000b; Gagné & Forest 

2008). In other words, these consultants are likely to be self-driven and will thus find those 

components of their compensation and reward schemes that promote autonomy to be relatively more 

important (Von Nordenflycht 2010). We expect that the association between the importance of base 

salary and compensation satisfaction is positive. Our fifth hypothesis is: 

H5: The relative importance of base salary increases as compensation satisfaction rise  
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The procedural justice aspect, named ‘clarity and fairness’ in the model, of management consultants’ 

compensation has previously been found to be positively associated with compensation satisfaction 

(Miceli & Mulvey 2000). Having a compensation and reward scheme in place that is both transparent, 

consistent, objective and equitable will bring employees to accept the underlying procedures, thereby 

mitigating any sentiments of unfairness (Colquitt et al. 2001; Pinder 2008). Further, clarity and 

fairness in terms of the procedures that determine one’s level of compensation increases the perceived 

instrumentality of one’s effort, as it is made easier to understand how one’s level of compensation is 

determined and, hence, how to raise one’s compensation through higher performance (Pinder 2008). 

Therefore, we believe that compensation satisfaction is positively associated with the propensity to 

highlight clarity and fairness as the best aspect of one’s compensation and reward scheme. 

Consequently, we propose the following hypothesis: 

H6: The propensity to highlight Clarity and fairness is positively associated with compensation 

satisfaction 

 

Effects of company size 

We propose that the size of a consultant’s employer has an influence on which component of his 

compensation and reward scheme that he will highlight as the best aspect. One argument in support 

of this would be that the partners (principals) will seek to align the interests of their employees 

(agents) so that they are in accordance with the interests of the partners (Hendrikse 2003). Such 

interests in terms of designing compensation may be different for partners depending on the size of 

their firm. A small consultancy will, for example, be more exposed to variability in revenue due to 

its reliance on a few clients (Kubr 2002). This makes it risky for them to commit to paying large base 

salaries to their employees. It is better to design a compensation and reward scheme that emphasizes 

performance-contingent rewards ensuring that wages and firm revenue move up and down in 

accordance with each other. In other words, small consultancies will need more flexibility in terms 

of how much they pay their consultants. Based on this, we argue that smaller consultancies are more 

likely to focus on the incentive component when designing their compensation and reward schemes. 

Consequently, we predict that consultants at small consultancies will be relatively more likely to 

highlight the incentive component as the most important aspect. Whether this relation is due to self-

selection of certain consultants into smaller consultancies due to greater focus on performance pay 

(Hendrikse 2003), or if employees at small consultancies simply state that the incentive component 

is more important because it constitutes a relatively more prominent part of their overall 

compensation, remains unclear. We form our seventh hypothesis: 

H7: the probability that consultants highlight incentive as the best aspect of their total compensation 

is significantly greater for consultants working at small consultancies, relative to consultants working 

at medium or large consultancies 
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Seniority 

When considering the seniority of consultants, agency theory would suggest that risk preferences 

might change over the course of a career. That is, principals (partners) are considered to cope better 

with risk than agents (consultants) because principals are less dependent on the success of a single 

project since they typically oversee multiple projects simultaneously (Hendrikse 2003; Laffont & 

Martimort 2001; Goodale et al. 2008; Kubr 2002). Agents (consultants) on the other hand are, like 

any other salaried employees, very dependent on their monthly salaries, which suggests that they are 

more risk averse and prefer as little volatility in their pay rolls as possible, i.e., base salary is preferred 

over performance-contingent rewards (Hendrikse 2003). The more experienced consultants in our 

sample are not necessarily residual claimants (though some may be through profit sharing programs), 

but they have the responsibility for the overall outcome of projects, making it easier to measure their 

performance and, hence, increase their perceived instrumentality (Pinder 2008). As project managers 

will carry out a number of such projects during the course of a year, they also diversify their risk 

across several projects (Kubr 2002). Further, the more experienced consultants earn significantly 

more than entry-level consultants (Oakley et al. 2015), suggesting that they may have accumulated 

savings, making them more susceptible to income variability. We can build our final hypothesis: 

H8: The probability that consultants highlight incentives as the best aspect of their compensation 

increases with seniority  

 

Model-Building Process 

As explained in the “Statistical model-building” sub-section, our model-building process follows 

seven steps of data examining and model fitting, as outlined by Hosmer et al. (2013). The method 

seeks to define a final predictive model that will consist of both significant and confounding 

independent variables, resulting in a potentially richer model than alternative algorithmic variable-

selection procedures would produce (Hosmer et al. 2013). Further, the seven steps ensure that the 

independent variables meet the assumptions necessary to guarantee the robustness and validity of the 

model. 

Step 1 

All four independent variables are subject to a likelihood ratio test in order to assess their significance. 

The three categorical variables are also subject to a chi-square test, in which it is assessed whether 

they meet the requirements of no expected frequencies below 1 and a maximum of 20% of cells with 

expected frequencies below five. 
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Company size 

Table 1: Chi-square test - Company size 

 

Source: R code – Step 1 (Appendix 8) 

 

In table 1, we see that the independent variable CompanySize has three cells with expected 

frequencies below 5, which amounts to 16.7% of cells, which is acceptable. No cell has an expected 

frequency below 1. The Pearson’s Χ2 is significant. The likelihood ratio test (table 2) is also 

significant, although many individual coefficients are not. However, this is not unusual for categorical 

variables, which encompass multiple categories through dummy variables in a multinomial logistic 

regression model. Further, the number of significant individual coefficients depend on which category 

that acts as the baseline category. A category that is relatively distinctive from the alternative 

categories will result in relatively more significant coefficients, although the overall likelihood-ratio 

test will be exactly the same, regardless of which category acts as the baseline. So far, we find the 

independent variable CompanySize fit to be included into our model. 

 

 

 

 

 

 

 

 

 

 

 

Variable ~ CompanySize (Expected Frequencies)

Base Allowance ClarityFairness Incentive MeritPay SafetyWorkLife Row Total

Large 75.05 69.69 23.83 24.42 35.14 45.87 274

Medium 40.81 37.90 12.96 13.28 19.11 24.94 149

Small 10.14 9.41 3.22 3.30 4.75 6.19 37

Colum Total 126.00 117.00 40.00 41.00 59.00 77.00 460

total cells cells <5 % cells <5 # cells <1

18 3 16.7% 0

Pearson's Chi-squared test 

--------------------------------------------------------------

Chi^2 =  56.53895     d.f. =  10     p =  1.626842e-08 ***

--------------------------------------------------------------

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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Table 2: Likelihood ratio test – Company size 

 

Source: R code – Step 1 (Appendix 8) 

 

Region 

 

Coefficients:

Beta SE Pr(>|t|) Lower Odds Ratio Upper

Allowance vs. Base

Allowance:(intercept) -0.069 0.166 6.8E-01 0.67 0.93 1.29

Allowance:CompanySizeMedium 0.093 0.273 7.3E-01 0.64 1.10 1.87

Allowance:CompanySizeSmall -0.742 0.623 2.3E-01 0.14 0.48 1.62

ClarityFairness vs. Base

ClarityFairness:(intercept) -0.950 0.219 1.4E-05 *** 0.25 0.39 0.59

ClarityFairness:CompanySizeMedium -0.485 0.414 2.4E-01 0.27 0.62 1.39

ClarityFairness:CompanySizeSmall -1.247 1.077 2.5E-01 0.03 0.29 2.37

Incentive vs. Base

Incentive:(intercept) -1.753 0.300 5.4E-09 *** 0.10 0.17 0.31

Incentive:CompanySizeMedium 0.580 0.437 1.8E-01 0.76 1.79 4.21

Incentive:CompanySizeSmall 2.263 0.518 1.2E-05 *** 3.49 9.62 26.52

MeritPay vs. Base

MeritPay:(intercept) -0.762 0.205 2.0E-04 *** 0.31 0.47 0.70

MeritPay:CompanySizeMedium 0.020 0.340 9.5E-01 0.52 1.02 1.99

MeritPay:CompanySizeSmall -0.049 0.635 9.4E-01 0.27 0.95 3.31

SafetyWorkLife vs. Base

SafetyWorkLife:(intercept) -0.366 0.180 4.2E-02 * 0.49 0.69 0.99

SafetyWorkLife:CompanySizeMedium -0.327 0.322 3.1E-01 0.38 0.72 1.36

SafetyWorkLife:CompanySizeSmall -0.445 0.627 4.8E-01 0.19 0.64 2.19

Log-Likelihood: -759.12

McFadden R^2:  0.025468 

Likelihood ratio test : chisq = 39.678 (p.value = 1.9309e-05)***

95% CI for odds ratio

Table 3: Chi-square test - Region 

 

Source:  R code – Step 1 (Appendix 8) 

Variable ~ Region (Expected Frequencies)

Base Allowance ClarityFairness Incentive MeritPay SafetyWorkLife Row Total

1 8.22 7.63 2.61 2.67 3.85 5.02 30

2 37.80 35.10 12.00 12.30 17.70 23.10 138

3 63.00 58.50 20.00 20.50 29.50 38.50 230

4 16.98 15.77 5.39 5.53 7.95 10.38 62

Colum Total 126.00 117.00 40.00 41.00 59.00 77.00 460

total cells cells <5 % cells <5 # cells <1

24 3 12.5% 0

Pearson's Chi-squared test 

--------------------------------------------------------------

Chi^2 =  49.32592     d.f. =  15     p =  1.550848e-05 ***

--------------------------------------------------------------

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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As can be seen in table 3, the independent variable ‘Region’ has three cells with expected frequencies 

below 5 amounting to 12.5% of total cells, which is acceptable. No cell has an expected frequency 

below 1. The Pearson’s Χ2 is significant.  

 

In table 4, we see that the likelihood ratio test is significant overall, which means that we find it 

appropriate to include ‘Region’ into our model. 

 

Table 4: Likelihood ratio test - Region 

 

Source: R code – Step 1 (Appendix 8) 

 

Level 

In table 5, we see that the independent variable ‘Level’ has no cells with expected frequencies below 

5, which is approved. No cell has an expected frequency below 1. The Pearson’s Χ2 is, however, not 

significant.  

 

Coefficients:

Beta SE Pr(>|t|) Lower Odds Ratio Upper

Allowance vs. Base

Allowance:(intercept) 0.452 0.483 3.5E-01 0.61 1.57 4.05

Allowance:Region2 -0.177 0.526 7.4E-01 0.30 0.84 2.35

Allowance:Region3 -0.716 0.524 1.7E-01 0.17 0.49 1.37

Allowance:Region4 -1.346 0.625 3.1E-02 * 0.08 0.26 0.89

ClarityFairness vs. Base

ClarityFairness:(intercept) -0.560 0.627 3.7E-01 0.17 0.57 1.95

ClarityFairness:Region2 -0.957 0.727 1.9E-01 0.09 0.38 1.60

ClarityFairness:Region3 -0.375 0.675 5.8E-01 0.18 0.69 2.58

ClarityFairness:Region4 -0.922 0.799 2.5E-01 0.08 0.40 1.90

Incentive vs. Base

Incentive:(intercept) -1.253 0.802 1.2E-01 0.06 0.29 1.38

Incentive:Region2 -1.075 0.958 2.6E-01 0.05 0.34 2.23

Incentive:Region3 0.523 0.835 5.3E-01 0.33 1.69 8.67

Incentive:Region4 0.241 0.902 7.9E-01 0.22 1.27 7.45

MeritPay vs. Base

MeritPay:(intercept) -1.253 0.802 1.2E-01 0.06 0.29 1.38

MeritPay:Region2 -0.851 0.931 3.6E-01 0.07 0.43 2.65

MeritPay:Region3 0.941 0.828 2.6E-01 0.51 2.56 12.98

MeritPay:Region4 0.560 0.883 5.3E-01 0.31 1.75 9.87

SafetyWorkLife vs. Base

SafetyWorkLife:(intercept) -0.560 0.627 3.7E-01 0.17 0.57 1.95

SafetyWorkLife:Region2 0.065 0.676 9.2E-01 0.28 1.07 4.02

SafetyWorkLife:Region3 0.248 0.660 7.1E-01 0.35 1.28 4.67

SafetyWorkLife:Region4 -0.586 0.762 4.4E-01 0.12 0.56 2.48

Log-Likelihood: -752.16

McFadden R^2:  0.034401 

Likelihood ratio test : chisq = 53.594 (p.value = 3.0703e-06)***

95% CI for odds ratio
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Table 5: Chi-square test - Level 

 

Source: R code – Step 1 (Appendix 8) 

 

In table 6, the likelihood ratio test is not significant either, not even at the higher 0.25 threshold 

employed at this point of time in the model-building process. This is the case despite some individual 

coefficients being significant on their own, at least when Base acts as baseline category. At this point 

of time, the independent variable ‘Level’ does not seem to be able to contribute significantly to our 

model. 

Table 6: Likelihood ratio test - Level 

 

Source: R code – Step 1 (Appendix 8) 

Variable ~ Level (Expected Frequencies)

Base Allowance ClarityFairness Incentive MeritPay SafetyWorkLife Row Total

Entry 42.18 39.17 13.39 13.73 19.75 25.78 154

Experienced 32.87 30.52 10.44 10.70 15.39 20.09 120

Mid 50.95 47.31 16.17 16.58 23.86 31.14 186

Colum Total 126.00 117.00 40.00 41.00 59.00 77.00 460

total cells cells <5 % cells <5 # cells <1

18 0 0% 0

Pearson's Chi-squared test 

--------------------------------------------------------------

Chi^2 =  11.48947     d.f. =  10     p =  0.3206753 

--------------------------------------------------------------

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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Stars 

The independent variable Stars is a continuous variable. Hence, it does not have to undergo a Chi-

square test. The likelihood ratio test, found in table 7, is significant, as are most of the individual 

coefficients. It is, however, no surprise that Stars shows consistent signs of significance, relative to 

the other independent variables, given that it is the only continuous variable. Continuous variables 

are known to have greater statistical power, relative to categorical variables (Harrell 2015). We find 

no reason to exclude ‘Stars’ from our model. 

Table 7: Likelihood ratio test - Stars 

 

Source: R code – Step 1 (Appendix 8) 

 

 

 

 

 

 

 

 

Coefficients:

Beta SE Pr(>|t|) Lower Odds Ratio Upper

Allowance vs. Base

Allowance:(intercept) 2.800 0.795 4.3E-04 *** 3.46 16.44 78.05

Allowance:Stars -0.672 0.182 2.2E-04 *** 0.36 0.51 0.73

ClarityFairness vs. Base

ClarityFairness:(intercept) 2.294 0.970 1.8E-02 * 1.48 9.92 66.34

ClarityFairness:Stars -0.814 0.229 3.8E-04 *** 0.28 0.44 0.69

Incentive vs. Base

Incentive:(intercept) 1.680 1.009 9.6E-02 . 0.74 5.36 38.75

Incentive:Stars -0.655 0.235 5.4E-03 ** 0.33 0.52 0.82

MeritPay vs. Base

MeritPay:(intercept) 2.824 0.877 1.3E-03 ** 3.02 16.85 94.02

MeritPay:Stars -0.849 0.206 3.6E-05 *** 0.29 0.43 0.64

SafetyWorkLife vs. Base

SafetyWorkLife:(intercept) 4.016 0.811 7.4E-07 *** 11.31 55.45 271.98

SafetyWorkLife:Stars -1.091 0.192 1.2E-08 *** 0.23 0.34 0.49

Log-Likelihood: -758.41

McFadden R^2:  0.026377 

Likelihood ratio test : chisq = 41.093 (p.value = 8.9849e-08)***

95% CI for odds ratio
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Step 2 

Table 8: Analysis-of-Deviance table 

 

Source: R – Step 2 

 

Although Level’s p-value decreases when reviewed in combination with the three other independent 

variables (a possible sign of confounding) it fails to meet an acceptable significance threshold (see 

table 8). Thus, at this point of time, we have to exclude Level from the model. The AIC test (table 9) 

confirms that a model without Level (the ‘nested model’) is a better model, relative to its complexity. 

Table 9: AIC test 

 

Source: R – Step 2 

 

Step 3 

To see whether Level provides an adjustment to the effect of the three significant independent 

variables, we compare the coefficients of the three significant variables, before and after the exclusion 

of Level to see if any of them have changed in absolute value by more than 20% (see table 10).  

As can be seen, three odds ratios change their absolute values by more than 20% (highlighted in red). 

Another odds ratio (also highlighted in red), changes direction, from being positively related to its 

corresponding variable (𝑂𝑅 > 1) to being negatively related (0 < 𝑂𝑅 < 1). This test is essential to 

discover potential confounding (Hosmer et al. 2013). As can be seen, Level, while not significant in 

its own right, has a confounding impact on the model. Consequently, we find it necessary to 

reintroduce the Level variable to the model. 

Analysis of Deviance Table (Type II tests)

---------------------------------------------------------------

Response: Variable

LR Chisq Df Pr(>Chisq)

CompanySize 40.368 10 1.46E-05 ***

Region 48.199 15 2.36E-05 ***

Stars 40.179 5 1.37E-07 ***

Level 12.928 10 0.2277

---------------------------------------------------------------

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Akaike's Information Criterion test

LR Chisq df AIC

Intercept-only Model 0 5 1567.9

Full model 145.81 45 1502.1

Nested model 132.88 35 1495.0

-706.05

-712.52

Log-Likelihood

-778.96
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Table 10: Comparison of Odds Ratios – Full model vs. Nested model 

 

Source: R – Step 3 

 

Step 4 

Since we have decided, based on our findings in step 3, to reintroduce the Level variable to the model, 

we have no additional independent variables to add to the model and check for significance. Hence, 

we can skip step 4.  
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Step 5 

Our only continuous independent variable, Stars, has to be tested for whether it is linearly related to 

the log of the outcome variable (Field et al. 2012). It is possible to test for this assumption in a number 

of ways. One method is to include the interaction terms between Stars and the log of Stars into the 

model and test whether any of the new interaction coefficients are significant (Field et al. 2012, 

pp.344–345). If significant, it indicates that its corresponding ‘main effect’ (the original coefficient 

of a given independent variable) is violating the linearity assumption. Thus, we hope for insignificant 

results. 

Table 11: Stars – Linearity assumption test 

 

Source: R – Step 5 

 

The interaction terms are named logStars. As can be seen in table 11, none of the logStars coefficients 

(highlighted in red) are significant. Thus, we may conclude that the linearity of the logit assumption 

is met. Note the extent of collinearity between Stars and logStars, which is evident by the fact that 

the overall regression is significant at the 99.9% threshold, but no individual coefficient is significant, 

even at the 90% threshold. 

Beta SE Pr(>|t|)

Allowance vs. Base

Allowance:(intercept) 3.586 5.034 0.476

Allowance:Stars -1.087 3.077 0.724

Allowance:logStars 0.157 1.303 0.904

ClarityFairness vs. Base

ClarityFairness:(intercept) 4.559 5.465 0.404

ClarityFairness:Stars -2.225 3.417 0.515

ClarityFairness:logStars 0.601 1.469 0.682

Incentive vs. Base

Incentive:(intercept) 5.742 5.459 0.293

Incentive:Stars -3.287 3.406 0.335

Incentive:logStars 1.145 1.461 0.433

MeritPay vs. Base

MeritPay:(intercept) 7.577 5.064 0.135

MeritPay:Stars -4.027 3.141 0.200

MeritPay:logStars 1.408 1.343 0.295

SafetyWorkLife vs. Base

SafetyWorkLife:(intercept) 4.520 5.023 0.368

SafetyWorkLife:Stars -1.247 3.111 0.689

SafetyWorkLife:logStars 0.022 1.330 0.987

Log-Likelihood: -756.69

McFadden R^2:  0.028588 

Likelihood ratio test : chisq = 44.538 (p.value = 2.6344e-06)
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Step 6 

In terms of interactions between any of the independent variables, we decided to check every possible 

standard two-way interaction between variables within our model. We argue that there is no need to 

check the significance of any higher-order interactions, given their limited practical significance. This 

disregard of higher-order interactions is quite standard in a model-building process when no such 

interaction has been flagged as potentially interesting before the data was examined (Harrell 2015, 

p.37). 

Further, we have decided to abstain from investigating the potential significance of any 

transformations of the quantitative variable ‘Stars’, e.g. log Stars, since we do not see how such a 

term would add to the inferential capacity of our model. 

Appendix 15 displays the likelihood-ratio tests conducted for the model and every possible two-way 

interaction term, one at a time. As can be seen, only one interaction term yields a significant test 

result, namely the interaction between Stars and CompanySize. This indicates that the effect of a one-

unit increase in Stars is not the same at different company sizes. Consequently, we add the interaction 

term Stars:CompanySize to our model, which is now referred to as the preliminary final model. 

Step 7 

The last step of the model-building process concerns the validation of the preliminary final model. 

First, we assess the model’s predictive performance though a 10-fold cross-validation with 100 

reiterations. In table 12, the Accuracy statistic is given by taking the number of correct predictions 

within all categories over the total number of observations. The 95% confidence interval for the 

Accuracy statistic is estimated by the cross-validation test. The ‘No Information Rate’ (NIR) statistic 

is simply the number of observations of the largest category, Base, divided by the total number of 

observations. NIR represents the overall accuracy of a baseline model, which only includes the 

intercept coefficient (𝛽0) and hence would always predict an observation to be the largest category – 

in this case ‘Base’. The accuracy statistic is significantly above the NIR, which indicates that the final 

model provides a significant improvement over the baseline model. The Kappa statistic, which has 

been explained earlier, provides the same conclusion (see table 12). 
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Table 12: Confusion matrix and associated statistics 

 

Source: R code – Step 7 (Model Validation) 

 

The second part of the model validation concerns the estimation of population parameters, based on 

the coefficient estimates of our data sample. Bootstrapping, as described earlier, is a widely used tool 

for internal validation. Appendix 16 shows the output from the bootstrap analysis with 10,000 

resamples, including population estimates for the mean and median beta, the standard deviation and 

the bias. We have listed both the mean and the median for the bootstrap samples. Often, however, the 

median estimate is considered more appropriate to use than the mean estimate whenever the sample 

distribution of a given variable is not symmetric (Haukoos & Lewis 2005). Note that the bootstrap 

standard error for most of the individual parameters are higher than the estimated standard error for 

the original sample. Under normal theory assumptions, this would not be the case, as the central limit 

theorem would progressively diminish the estimated standard error as the number of resamples rise. 

Thus, the higher standard error for the bootstrap is an indication of the presence of outliers and the 

high level of kurtosis, as well as skewness, observed in the data (See appendix 17) (Byrne 2001).  

Given that we are mainly concerned with categorical data, we find the usage of the median estimate 

to be the most appropriate choice. Unfortunately, we may see in the bootstrap analysis output that the 

mean and the median estimates diverge as the estimated standard deviation increases. This is 

particularly an issue for some of the independent variables with relatively small expected frequencies 

within some of their categories. The problem is most evident for the variables CompanySize and 

Region (see Step 1). 

Confusion Matrix and Statistics

Prediction Base Allowance
Clarity-

Fairness
Incentive MeritPay

Safety-

WorkLife

Base 70 36 15 12 30 21

Allowance 40 60 12 9 8 32

ClarityFairness 0 0 0 0 0 0

Incentive 9 4 1 16 5 4

MeritPay 1 0 2 0 6 3

SafetyWorkLife 6 17 10 4 10 17

Overall Statistics

                                          

               Accuracy : 0.3674

                 95% CI :      (0.3232, 0.4133)

    No Information Rate : 0.2739

    P-Value [Acc > NIR] : 7.80E-06 ***

                                          

                  Kappa : 0.1755

 Mcnemar's Test P-Value : 1.71E-14 ***

Reference
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Thus, it is evident that, for the sake of the model’s practical applicability, we note that the model has 

been validated by the 10-fold cross-validation analysis but that it is more appropriate to use the 

estimated coefficients of the preliminary final model. The reason why this is the case is due to the 

inherent trade-off between two sources of error, namely variance and bias. These two sources of error 

is what any fitted model is trying to minimize (Fortmann-Roe 2012). The total estimated error is 

given by: 18 

𝐸𝑟𝑟(𝑥) = 𝑏𝑖𝑎𝑠2 + 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 + 휀 

The illustration in appendix 18, created by Fortmann-Roe (2012), serves to illustrate the difference 

between variance and bias, and how an optimal level of model complexity exists. 

Thus, for the bias-adjusted bootstrap estimate to add value, the corresponding estimated variance 

must rise by less than the square of the estimated bias. In our case, the difference between the variance 

of the bootstrap analysis and of the preliminary final model was greater than the square of the 

estimated bias. This is not an unusual chain of events. LaBudde & Chernick (2011, p. 32) explains 

that “it is possible that the variance increases too much and the bias-adjusted estimate is less 

accurate than the original”. Their rule of thumb is that bias adjustment improves a model if the 

reduction in the square of the bias is greater than the increase in variance, which is evident from the 

equation above (LaBudde & Chernick 2011, p.32).  

A possible workaround to this problem would be to conduct a stratified bootstrapping analysis, in 

which all categories are sampled independently, thereby ensuring that categories with low expected 

frequencies are included in each bootstrap sample (IBM Knowledge Center, 2011). Afterwards, the 

estimated population coefficients should be rescaled to reflect their relative weight in the original 

sample (De Laurentis et al. 2010). However, this adjustment would have significantly increased the 

complexity of the model-building process, without adding much value in return. Thus, we keep the 

final predictive model as the bootstrap resample does not provide additional precision to the model 

coefficients. Still, we note that the 100 resamples of the 10-fold cross-validation test has validated 

our predictive model with a p-value of 1.71E-14***. 

 

 

 

 

                                                 
18 The third error term, 휀, is exogenous and thus irrelevant for a model-building process 
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The final model 

Table 13: Final predictive model 

 

Source: R code – Step 6 
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To conclude on the model-building process, the coefficients of the final predictive model is shown 

below in table 13, along with its corresponding standard deviations, p-value, and 95% confidence 

intervals. Please see Appendix 19 for the final predictive model in equation format. 

 

Interpretation of predictive model 

The beta column of table 13 shows the coefficient estimates that correspond to each variable. As 

explained earlier, a negative coefficient implies that the probability that Y = 1 (e.g. that the consultant 

prefers the alternative component over the baseline), is diminished as the corresponding variable 

increases in value by one unit. The following column (SE) consists of the corresponding estimated 

standard errors and the third column consists of the corresponding p-values. The last three columns 

consists of an estimated 95% confidence interval for the corresponding odds ratios, which is the more 

interpretable statistic to use for making inferences about the validity of hypotheses, as noted earlier. 

However, one note of caution should be highlighted: While the individual coefficients that are 

significant may be interpreted as explained above, some individual coefficients have changed from 

being significant in their respective univariable analyses (step 1) to being insignificant. This change 

is due to the concept of multicollinearity, as explained earlier. Although the overall predictive 

capability of the model is not affected by multicollinearity, one should be cautious about drawing any 

inferences on the relationship between a given independent variable and the probability that the 

alternative category is chosen over the baseline category (i.e., Y = 1).  

Still, one should also be vary of overestimating the negative effects of multicollinearity. While 

multicollinearity may impact the stability and variance of a given model, so may other factors such 

as (1) the sample size, (2) the proportion of the total variance that is explained by the model, and (3) 

the variance of the given independent variable (O’Brien 2007; Harrell 2015). Further, the degree to 

which multicollinearity is a problem is contextual. If a regression coefficient is significant, it is 

inappropriate to disregard it, even when there is a large amount of multi-collinearity (O’Brien 2007). 

In any case, with multicollinearity present, the significance of the individual coefficients affected is 

underestimated, not overestimated (Smolkowski 2004). Similarly, indications of multicollinearity of 

interaction terms should not be a reason for concern, as it is to be expected that an interaction term is 

correlated with its first-order terms (Harrell 2015).  
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Table 14: Generalized Variance-Inflaction Factor (GVIF) analysis19 

 

Source: R software 

 

If we look at GVIF statistic for the full predictive model in table 14, looking only at first-order terms 

(i.e., disregarding the interaction term), we see that Stars is the only variable in which the squared 

corrected GVIF statistic is above 10, indicating a problem with multicollinearity. However, as can be 

seen in appendix 20, every individual Star coefficient is significant at the 95% threshold, despite 

multicollinearity. The three other independent variables have squared corrected GVIF’s well below 

the conventional threshold of 10 (Venturini 2016). Consequently, following O’Brien's (2007) 

argument, the issue of multicollinearity is immaterial in our case.  

Summing up, while the final model is affected by multicollinearity, it is not a concern to us due to 

favorable contextual factors (especially the significance of the Stars variable) and our usage of the 

model solely for predictive purposes (overall predictive power is not affected by multicollinearity). 

If one is interested in investigating the impact of a change in the value of an individual independent 

variable, one should look to the univariable analyses from step 1 of the model-building process and 

to the nested model that does not feature the interaction term.  

So how is the predictive model useful? It provides a company with a more complete tool for 

determining which component that each individual employee, given his or her characteristics, value 

the most. Thus, the predictive model equips the management consulting firms with a tool, which 

allow them to adapt their compensation and reward schemes based on the characteristics of their 

employees. For example, it may be beneficial to structure compensation and reward schemes 

differently across various employee groups depending on their region, seniority and size of the 

company. However, we are not suggesting that compensation and reward schemes should be 

individualized. Rather, we argue that they should be tailored to bundles of employees with similar 

characteristics. As can be seen in table 12, using the predictive model is a significant improvement 

over simply providing all employees with the same scheme. To utilize the predictive capacity of the 

final model, one should provide the model with the  characteristics of the group of employees in 

question (region, experience, (average) compensation satisfaction) and the size of the employer 

                                                 
19 The green font refers to accepted levels of multicollinearity. The red font refers to potentially problematic levels of 

multicollinearity 

GVIF Df GVIF^(1/(2*Df)) [GVIF^(1/(2*Df))]^2

CompanySize 3.979 2 1.412 1.995

Stars 49.447 1 7.032 49.447

Level 7.160 2 1.636 2.676

Region 44.560 3 1.883 3.545
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(small, medium, large). Set the corresponding dummy variables to one, while setting the other dummy 

variables to zero, so that their corresponding coefficient estimates are disregarded in the equation. 

The model will then produce a log-odds estimate, which can be converted into the odds that describes 

the probability that Y = 1, given the characteristics of the given consultant. We argue that the capacity 

to distinguish between geographies, level of experience and company size is an essential feature in 

our effort to produce insights that are applicable across our population of interest. These 

distinguishing variables assist to reflect the cultural and structural diversity of the European 

management consulting industry. In other words, the interaction between the independent variables 

are interesting, as they convey information about the impact that these factors have on each other’s 

predictive capacity. Therefore, we believe that producing a full predictive model provides our analysis 

with the capacity to make more complete inferences about the population than we would have been 

able to if we had kept to simple tests of association. 

 

Hypotheses testing 

This section will review the output of the statistical analysis in order to investigate whether to support 

or reject each of the seven hypotheses. The subsequent section will then provide a qualitative 

interpretation of the results. 

We lend support to 5 of our 8 hypotheses. Our main findings are that the following statements are 

supported: 

 H1: The propensity to highlight base salary – to a greater extent than incentive pay – is 

positively related to higher levels of compensation satisfaction. 

 H4: The relative importance of safety and work-life balance diminishes as compensation 

satisfaction rise. 

 H5: The relative importance of base salary increases as compensation satisfaction rise. 

 H7: The probability that consultants highlight incentive as the best aspect of their total 

compensation is significantly greater for consultants working at small consultancies, relative 

to consultants working at medium or large consultancies. 

 H8: The probability that consultants highlight incentives as the best aspect of their 

compensation increases with seniority. 

Conversely, we are not able to fully support the following statements: 

 H2: The propensity to highlight merit pay – to a greater extent that incentive pay – is positively 

related to higher levels of compensation satisfaction. 

 H3: Allowance – to a greater extent than incentive pay – is positively related to higher levels 

of compensation satisfaction. 
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 H6: The propensity to highlight clarity and fairness is positively associated with compensation 

satisfaction  

The following section will review the results of the analysis that provide the foundation on which we 

have either supported or rejected our hypotheses. The subsequent section (Discussion) will provide a 

qualitative interpretation of the results, accompanied by a discussion on whether the results have led 

to new insights on which components of a consultant’s compensation and reward scheme that 

influence compensation satisfaction. 

Firstly, the variable ‘Stars’ (i.e., consultants’ level of satisfaction with their individual compensation 

and reward scheme) provides us with information on some interesting and significant trends within 

the data (see figure 9).  

 

Most noteworthy is the significance with which SafetyWorkLife and Base change prominence as the 

star-rating change. The change entails that the relative significance of Base increases with the 

star-rating relative to Incentive and thus lends support to H1 (all corresponding coefficients in 

table 7 are significant).  

Figure 9: Effect plot - Stars 

 

Source: R code – Step 1, appendix 8 
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On the other hand, figure 9 and the corresponding statistic in Appendix 21, shows that the likelihood 

that consultants choose MeritPay relative to Incentive actually decreases with compensation 

satisfaction, thereby rejecting H2.  

Furthermore, the relative likelihood that consultants highlight Allowance over Incentive actually 

decreases with compensation satisfaction, thereby rejecting H3 (see appendix 22) 

For SafetyWorkLife, the relative prominence falls significantly with the star-rating relative to 

Allowance, Base, and Incentive, thereby supporting H4 (see appendix 23, all relevant coefficients 

are positive and significant).  

Moreover, the propensity of consultants to highlight Base increases with compensation satisfaction, 

relative to every alternative category. Therefore, we accept H5 (see table 7, in which all relevant 

coefficients are negative and significant).  

Further, as may be seen in figure 9 (and confirmed in appendix 24), the respondents’ propensity to 

highlight clarity and fairness is not significantly associated with compensation satisfaction (p-value: 

0.3706). Consequently, we reject H6.  

In table 1 and table 2 (back in Step 1), we provided a univariable analysis of the independent variable 

CompanySize. Figure 10 provides an illustration of the relative probability of all six distinctive 

categories of the outcome variable for each of the three company sizes.  
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When examining figure 10 a few patterns emerge. First, consultants in large companies are 

significantly more likely to highlight ClarityFairness as the best aspect of their compensation and 

reward scheme, relative to consultants in medium or small companies. Further, the larger the 

company, the larger the share of consultants highlighting SafetyWorkLife as the best aspect. 

However, the most significant influence of company size, apparent in figure 10, is the stark contrast 

between the proportions that highlight Incentive as the most important aspect. Incentive is, by far, the 

single component with the highest relative probability of being highlighted as the best aspect for 

management consultants working in small consultancies, while it is the least prominent one for 

management consultants working at large consultancies. Thus, we accept H7 (see Appendix 25 and 

26). 

Figure 10: Effect plot – Company size 

 

Source: R code – Step 1 
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In terms of the relationship between Region and the outcome variable (figure 11), it is appropriate to 

note a few geographical distinctions. First, in region 4, there is a significant preference for Base over 

Allowance. Both Incentive and MeritPay is significantly less likely to be highlighted as the most 

important aspect, relative to Allowance, for consultants in region 1. The relative importance of 

MeritPay increases significantly in Region 3 and 4, compared with Region 1 and 2, relative to 

Allowance. 

The relationship between the independent variable Level and the outcome variable was not significant 

overall. However, a few significant individual associations are notable (see figure 12).  

The likelihood that entry-level consultants highlight Base is significantly greater than the likelihood 

that they would highlight any other possible category, except Allowance. Furthermore, the relative 

likelihood that consultants highlight Incentive significantly increases when moving from Entry to 

Experienced. We therefore accept H8 on the basis of the significant difference between the 

Figure 11: Effect plot – Region 

 

Source: R code – Step 1 
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prominence of Incentive for entry-level and experienced consultants (see Incentive vs. Base in 

table 6).  

Table 16 summarizes whether our results supported or rejected each of our eight hypotheses. The 

table includes the coefficients that we used to determine whether we were able to support a given 

hypothesis. Further, it outlines in which tables to find the given coefficients (the relevant coefficients 

from each table are in bold font).  

Besides the tests of our hypotheses, we found some interesting results concerning the adjusting effects 

that some of the independent variables have on each other. Furthermore, we show how the final 

predictive model may be utilized to determine which compensation component that a consultant is 

likely to value the most, given his or her individual characteristics and level of compensation 

satisfaction. Please see appendix 27 for a review of these results. 

Figure 12: Effect plot - Level 

 

Source: R code – Step 1 
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Table 16: Summary of findings 

 

Hypothesis See table Beta Significance Conclusion

H1: Base salary – to a greater extent than 

incentive pay – is positively related to higher 

levels of pay satisfaction.

Table 7 -0.655 5.4E-03** Supported

H2: Merit pay – to a greater extent than 

incentive pay – is positively related to higher 

levels of pay satisfaction

Appendix 21 0.194 0.401536 Rejected^

H3: Allowance – to a greater extent than 

incentive pay – is positively related to higher 

levels of pay satisfaction

Appendix 22 0.017 0.9345056 Rejected^

H4: The relative importance of safety and 

work-life balance diminishes as pay 

satisfaction rise

Appendix 23 0.419

1.091

0.436

0.00785**

1.24E-08***

0.044303*

Supported

H5: The relative importance of base pay 

increases as pay satisfaction rise 

Table 7 -0.672

-0.814

-0.655

-0.849

-1.091

2.2E-04***

3.8E-04***

5.4E-03**

3.6E-05***

1.2E-08***

Supported

H6: The propensity to highlight clarity and 

fairness is positively associated with 

compensation satisfaction

Appendix 24 -0.1606 0.3612 Rejected

H7: the probability that consultants highlight 

Incentive as the best aspect of their pay 

system is significantly greater for consultants 

working at small consultancies, relative to 

consultants working at medium or large 

consultancies

Appendix 

25+26

Appendix 25

-3.005

-2.263

-3.510

-2.312

-2.708

Appendix 26

2.518

1.683

2.445

1.752

1.801

3.005

2.263

3.510

2.312

2.708

Appendix 25

2.53E-06***

1.23E-05***

0.00122**

0.000373***

2.50E-05***

Appendix 26

9.618E-05***

0.0014222**

0.0283016*

0.0085049**

0.0066902**

2.530E-06***

1.232E-05***

0.0012199**

0.0003729***

2.500E-05***

Supported

H8: The probability that consultants 

highlight incentives as the best aspect of 

their compensation increases with seniority 

Table 6 -1.473

0.950

1.05E-05***

0.039*

Supported

---------------------------------------------------------------

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

---------------------------------------------------------------

^Though supported for Medium sized consultancies
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DISCUSSION 

This section seeks to provide a discussion of the findings presented in the previous section. Through 

a qualitative review of the results, we discuss what we believe are the likely reasons behind our 

findings. This section will discuss how the results may assist us in answering the three sub-

questions to our problem statement. Therefore, this section is split into three sub-sections, one for 

each sub-question of the problem statement. 

 

The results of our analysis shows the association between compensation satisfaction and the 

probability that different compensation components are highlighted as the best aspect of a 

respondent's individual compensation and reward scheme. From the results, it is evident that, for some 

components, a clear association exists between a respondent’s level of compensation satisfaction and 

their propensity to highlight a given component. However, the results also indicate that a respondent’s 

propensity to highlight some other components may be unaffected by the respondents level of 

compensation satisfaction. 

With reference to equity theory, which stipulates that dissatisfaction is driven by an inadequacy of 

compensation relative to expectations (Pinder 2008), we do not believe that any of the components 

drive dissatisfaction by themselves, but rather that an inadequacy in terms of the value of some of 

them does. For instance, a consultant that is dissatisfied, because of a perceived inadequacy of the 

base salary component, may not highlight base salary as the best aspect of her compensation and 

reward scheme, although it may be the underlying reason for why the given consultant is unsatisfied. 

Consequently, it may have been that a higher base salary would have increased the consultant’s level 

of compensation satisfaction, while an increase in the component that she initially highlighted would 

not change much. In other words, we cannot be certain about the causality, since we do not know 

whether an unsatisfied respondent would have highlighted e.g., the safety and work-life balance 

component, if she had been more satisfied with her compensation and reward scheme. In sum, while 

we cannot determine that any given compensation component leads to low levels of compensation 

satisfaction, we are able to determine whether the probability that certain components are highlighted 

as the best aspect is (significantly) positively associated with compensation satisfaction. Furthermore, 

we are able to decipher which components that do not increase in prominence with compensation 

satisfaction (see table 17). Overall, these observations make us able to generate recommendations on 

how management consultancies should structure their compensation and reward schemes efficiently 

in order to achieve a high degree of compensation satisfaction. 
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We observe that the relative probability of components being highlighted as the best aspect (i.e. the 

component’s importance) changes with the level of compensation satisfaction (see Table 17). As seen 

in Table 17 (and in Figure 9), the safety and work-life balance component and the base salary 

component are the two components that show the greatest association with compensation satisfaction. 

The probability that any one of the remaining four components (Allowance, Clarity-Fairness, 

Incentive, and MeritPay) is highlighted seems to be relatively less sensitive to the given consultant’s 

level of compensation satisfaction. 

 

From Table 17, a relevant question arises: Why do we observe that the probability of being 

highlighted as the best aspect of a given respondent’s compensation and reward scheme changes so 

dramatically for some components, while other components experience relatively modest changes? 

The following paragraphs will discuss how our findings provide an answer to our first sub-question, 

namely “which component is most likely to be associated with high levels of compensation 

satisfaction?” The sub-question has been addressed by hypotheses 1 through 6, which have been 

tested in the preceding section (see table 16 for an overview). We will now provide a qualitative 

review of these findings in order to clarify how they may assist in answering the first sub-question of 

our problem statement. 

 

The association between compensation components and compensation satisfaction 

Our results support hypothesis 1, which states that the base salary component, to a greater extent than 

the incentive component, is positively associated with compensation satisfaction (𝛽 = −0.655∗∗). 

The beta value means that for each 1-unit increase in the star rating, the odds that respondents will 

highlight the base salary component instead of the incentive component increases by 

48.1% [𝑖. 𝑒. , 100% ∗ (1 −  𝑒−0.655)]. As argued in earlier sections, we believe that this finding is in 

Table 17:  Probabilities – Stars 

 

Min = 1 star 

Max = 5 stars 

Source: R code – Step 1 
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line with the theory reviewed and the context investigated. The base salary component is, from the 

viewpoint of self-determination theory supportive in nature, thereby promoting autonomy and 

teamwork (Ryan & Deci 2000b; Gagné & Forest 2008; Weibel et al. 2014). Similarly, social exchange 

theory would predict that fixed components would be perceived more positively and lead to feelings 

of indebtedness to the organization (Settoon et al. 1996; Ekeh 1974). Furthermore, the incentive 

component seems ill suited to the context, at least for consultants with relatively low seniority, since 

the problem of measurability, as accounted for in agency theory (Hendrikse 2003; Holmstrom 1982), 

may occur when no objective performance indicators adequately measures the breadth of tasks and 

responsibilities that a management consultant is exposed to. 

Our results did not support hypothesis 2, which states that the merit pay component, to a greater extent 

than the incentive component, is positively associated with compensation satisfaction (𝛽 = 0.194).  

The beta value means that for each 1-unit increase in the star rating, the odds that respondents will 

highlight the merit pay component instead of the incentive component decreases by 

21.4% [𝑖. 𝑒. , 100% ∗ (1 −  𝑒0.194)]. This result did surprise us, as we had expected that sustained 

salary increases would be both explicitly motivating, like other performance contingent components 

would be, according to agency theory (Hendrikse 2003), and inherently supportive, like the base 

salary component, as self-determination theory would suggest (Ryan & Deci 2000b). We argue that 

this finding may be due to a number of factors. One factor may be that there exists a rank order, in 

which certain compensation components are relatively dominating when it comes to determining the 

respondent’s level of compensation satisfaction. Components such as base salary, allowance and 

safety and work-life balance may simply be more important to a respondent’s level of satisfaction 

and, consequently, will tend to be highlighted more often. Another potential explanatory factor could 

be that respondents will tend to focus on compensation components that have an impact on their 

current level of compensation, while putting a discount on potential future earnings increases. 

Our results did not support hypothesis 3, which states that the allowance component, to a greater 

extent than the incentive component, is positively associated with compensation satisfaction (𝛽 =

0.017). The beta value is close to zero, which indicates that the impact of a 1-unit increase in the star 

rating has an immaterial effect on the odds ratio (p-value: 0.9345). The result was a bit surprising, 

given that we expected that allowances, which is a prominent aspect (in monetary terms) of a 

consultant's total compensation, would be more positively associated with compensation satisfaction 

than it turned out to be. We based this expectation on social exchange and self-determination theory. 

In line with social exchange theory, we expected that the frequent and supplemental20 nature of the 

allowance component would produce feelings of appreciation, while self-determination theory would 

suggest that allowances would be perceived as supportive of feelings of autonomy and competence 

(Ryan & Deci 2000b). Still, the allowance component is the second most prominent category at both 

                                                 
20 The allowance component has a supplemental nature, because it is often not defined in the contract of employment 
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ends of the compensation satisfaction range (see Table 17). Such level of consistency across all levels 

of compensation satisfaction is in stark contrast to both the safety and work-life balance component, 

which is more likely to be highlighted as the best aspect when compensation satisfaction is low, and 

to the base salary component, which is more likely to be highlighted as the best aspect when 

compensation satisfaction is high. In other words, the prominence of the allowance component 

remains relatively constant across all levels of compensation satisfaction. However, despite the 

relatively weak association, the allowance component remains a key part of a consultant’s 

compensation and reward scheme, as evident in its consistent relative prominence. It is not clear what 

implications this should have for the design of compensation and reward schemes. The allowance 

component, due to the extensive travel activity that most consultants are exposed to, is arguably the 

one component with the greatest influence on a management consultant’s everyday work. Still, by 

itself, it is not able to drive higher levels of compensation satisfaction. 

Our results supported hypothesis 4, which states that the relative importance of the safety and work-

life balance component diminishes as compensation satisfaction rise. As the numbers in appendix 23 

concludes (and as figure 9 illustrates), the safety and work-life balance component is the most 

prominent component at the intercept, which refers to a star rating of 1. For instance, the intercept 

beta in the Base vs SafetyWorkLife baseline logit has a value of -4.01553, which means that the 

probability that a consultant with a star rating of 1 would highlight the Base salary component, instead 

of the Safety and work-life balance component, as the best aspect of his or her compensation and 

reward scheme is 5.37% (𝑖. 𝑒. , 100% ∗ 𝑒−4.01553+1.09147). Further, we see that, for each 1-unit 

increase in the star rating, the odds that a consultant would highlight Base instead of SafetyWorkLife 

increases, on average, almost threefold (𝑖. 𝑒. , 100% ∗ 𝑒1.09147). Similar, although less profound, 

changes in prominence are seen in the remaining four baseline logits. In sum, many consultants 

(41.31%, see table 17) with low levels of compensation satisfaction would highlight safety and work-

life balance if they are compelled to mention something that they are satisfied with about their 

compensation. We argue that this makes sense, since these employees may be more interested in 

balancing other parts of their lives than work, or they may find some satisfaction in earning a pension 

and/or have an insurance plan (Rhoades & Eisenberger 2002).  

At last, our results support hypothesis number 5, which states that the relative importance of the base 

salary component increases with compensation satisfaction. Table 7 shows that the coefficient for the 

star rating parameter is significantly negative for all baseline logits. This means that, for each 1-unit 

increase in the star rating, the odds that a respondent will highlight any alternative category over the 

base salary category is reduced. The reduction varies between 48.93 (for Allowance) to 66.4 (for 

SafetyWorkLife) percent. Again, the prominence of the base salary component is evident in table 17, 

which leaves little doubt about the significance of the positive association between a respondent’s 

level of compensation satisfaction and the odds that the respondent will highlight base salary over 
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alternative categories. Consequently, it may be argued that the base salary component has a relatively 

high impact on a management consultant’s level of compensation satisfaction. 

Our results did not support hypothesis 6, which states that the propensity to highlight the clarity and 

fairness component is positively associated with compensation satisfaction. This finding was 

somehow surprising. Having reviewed theories of procedural justice and compensation satisfaction, 

we would expect the clarity and fairness component to be positively associated with compensation 

satisfaction. We had expected that the quality of the systems and rules that govern the respondents’ 

individual compensation and reward schemes would be just as important for compensation 

satisfaction as the pecuniary components (Colquitt et al. 2001; Kuvaas 2006). On the contrary, 

however, we found that the probability of clarity and fairness being highlighted as the most important 

aspect remained fairly flat for all levels of compensation satisfaction, ranging from 7.0-10.3% (see 

table 17). Our results cannot shed light on why we do not observe clarity and fairness (procedural 

justice) being more prominent, but one possibility could be the context of management consulting. 

Most consulting firms have a single career-track, running from entry-level to partner, with clearly 

defined average tenures at each level. Thus, all entry-level consultants will be paid the same base 

salary, receive the same allowances, the same safety/work-life balance components and be eligible 

for the same incentive pay structures (Kubr 2002). The same holds for other levels (senior consultants 

and managers/project leaders). In other words, a consultant's compensation and reward scheme is not 

up for individual negotiation. Further, success criteria are clearly defined for each level, making it 

fairly transparent what skills a consultant aspiring for a promotion would have to acquire (Kubr 2002). 

Thus, it is clear what a consultant receives in compensation at each level and what he or she should 

do to advance to the next. We therefore argue that the reason why we observe relatively low 

probabilities of consultants choosing clarity and fairness as the most important aspect for 

compensation satisfaction is that transparency is simply not a source for concern in most 

consultancies. Put differently, because of the clear governance of compensation and reward schemes, 

which does not allow for individual negotiation, procedural justice is a source of neither satisfaction 

nor dissatisfaction.  

The following section discusses the findings from hypotheses 7 and 8 that relates to the second sub-

question of our problem statement. In other words, the findings from the two hypotheses relates to 

the investigation of the potential impact of individual characteristics on the association between the 

different compensation components and compensation satisfaction. 

 

The impact of individual characteristics 

Our results supported hypothesis 7, which states that the probability that consultants highlight the 

incentive component is greater for consultants working at small consultancies. For instance, a 
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consultant in a small consultancy is 95.05% (𝑖. 𝑒. , 100% ∗ (1 − 𝑒−3.0053)) more likely to highlight 

the incentive component instead of the allowance component, relative to a consultant in a large 

consultancy, all else equal (see appendix 4 and 5). The result is in line with our expectations because 

small consultancies may simply put a greater emphasis on the incentive component, since it allows 

them to adjust a greater share of their biggest expense, salaries, to their given level of revenue. This 

ability, we argue, lets them hire more staff than they would otherwise have been able to, because 

small consultancies may experience greater variability in their revenue as a consequence of their 

dependency on fewer clients (relative to larger consultancies), making it risky to put on a lot of staff 

with large fixed salaries (Kubr 2002). We argue that there, in line with agency theory (Hendrikse 

2003), may be some sort of self-selection going on, in which relatively risk-tolerant consultants 

choose to work at small consultancies. In other words, consultants who are willing to take on more 

risk in terms of having a compensation and reward scheme that is relatively performance-contingent 

would be more inclined to apply for jobs at small consultancies.  

Our results support hypothesis 8, which states that the probability of highlighting the incentive 

component as being the most important aspect is positively associated with seniority. For instance, 

an experienced consultant is 2.59 times more likely than an entry-level consultant to highlight the 

incentive component over the base salary component (𝑖. 𝑒. , 100% ∗ 𝑒0.950), all else equal. We 

expected this result for a number of reasons. First, looking at the context, we see that the relative 

weight of the performance-contingent part of a consultant’s compensation and reward scheme 

increases as the consultant’s career progresses. Thus, the positive association between seniority and 

a consultant’s propensity to highlight the incentive component may simply be because its share of the 

value of a consultant’s total compensation increases. Second, from a theoretical point of view, it may 

be relatively easier to structure a performance-contingent component for senior consultants in a way 

that promotes a desired behavior, as argued in the literature review. Finally, the risk preferences of 

more senior consultants may be closer to neutral than their colleagues in lower positions, meaning 

that they will appreciate more risky compensation forms if they provide a significant upside. 

The last of the three independent variables that controlled for any differences in the individual 

characteristics of the respondents, Region, did provide some interesting adjustments to the 

significance of certain components (see appendix 28). For instance, the allowance component is 

highlighted as the most important component by 36.67 and 39.13 percent of respondents in regions 1 

and 2, respectively. In regions 3 and 4, the same number is 14.52 and 18.70 percent of respondents, 

respectively. We argue that such a change may be due to differences in tax regimes, which may 

provide different incentives in terms of whether it is optimal for the employer to provide benefits to 

the employee, or whether it makes more sense that the employee receives the value of these benefits 

in the form of a higher base salary, for instance. Another interesting example is the difference in the 

propensity to highlight the merit pay component. The merit pay component is only highlighted by 
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6.67 and 3.62 percent of respondents in regions 1 and 2, respectively. However, in regions 3 and 4, 

the same number is 17.74 and 17.83 percent (see appendix 28). We do not see how this difference 

may be due to differences in tax regimes, etc. Rather, we argue that some cultural differences may be 

at play, with respondents in regions 3 and 4 valuing, to a greater extent than respondents from regions 

1 and 2, the opportunities for advancement that their current job entails.  

 

Implications for practitioners 

The research presented in this thesis adds a layer to the decision-making process on compensation in 

management consulting firms. We have established in the literature review that compensation 

satisfaction is positively associated with perceived organizational support, which in turn has a positive 

influence on behavioral outcomes. Thus, achieving higher levels of compensation satisfaction among 

employees may lead to higher overall performance. 

Based on our discussion of the results, we highlight three findings that we argue should be considered 

when designing compensation and reward schemes for management consultants. First, the base salary 

must be adequate relative to a consultant's peers. Second, allowances should be considered before 

incentives for entry-level consultants. Finally, the potential of safety and work life balance as a 

retention tool should be acknowledged. In the following paragraphs, we will go through these three 

implications. 

Focus on getting base salaries right 

Our findings would suggest that consultancies should focus on determining the right level for the base 

salary component (relative to peers), as it has a significant potential to increase the compensation 

satisfaction for consultants. We argue that consultancies should consider whether they are allocating 

their resources efficiently when it comes to the relative weight of different components of their 

consultants’ compensation and reward schemes. For instance, according to our findings, the incentive 

component has little impact on compensation satisfaction relative to other components. Still, the 

incentive component often constitutes at least 10% of the total value of annual salaries for entry-level 

consultants (Oakley et al. 2015). This share rises further with seniority (Oakley et al. 2015). 

Moreover, it is well documented that performance-contingent compensation may have detrimental 

effects on intrinsic motivation and teamwork dynamics, both of which are critical to the success of 

project teams in management consulting (Nalbantian & Schotter 1997; Gagné & Forest 2008). 

Therefore, consultancies should consider whether the resources that they are currently using on 

performance-contingent components would be better spend on, for instance, raising the base salary 

level or providing better allowances, at least for their entry-level consultants. Still, we are not arguing 

that our results indicate that the Incentive component is ineffective in fostering explicit motivation. 

Given the prominence of incentives in the field of economics, as well as its traditionally prominent 
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role in comparable industries, such as investment banking, it is a curious observation that the incentive 

component does not seem to have a big influence on compensation satisfaction for management 

consultants. Still, as argued in the literature review, the use of performance-contingent components 

in management consulting may be hampered by the nature of the work of a management consultant, 

in which individual performance is difficult to disentangle from the collective effort of the project 

team.  

Consider allowances before incentives 

The allowance component is more frequently quoted as the main source of compensation satisfaction 

than the incentive component is, although the prominence of both components do not change much 

along with the level of compensation satisfaction. In addition, the fact that the client is often paying 

for a project team’s expenses makes the allowance component less susceptible to issues concerning 

alignment of interests between the partner and the project team (Hendrikse 2003). Of course, the 

consultancy would be able to negotiate a higher fee if they committed to finance all expenses out of 

their own pockets. However, such a structure would create a conflict of interest, in which any 

resources saved on allowances would benefit the firm’s finances and, thus, the partners, to the 

detriment of the project team. Thus, agency theory would argue that, since a third party is paying for 

them, the allowance component is likely to be relatively generous, compared to a scenario in which 

the consultancy itself would have to finance it. Therefore, we argue that the current system of client-

financed allowances better achieves the objective of increasing compensation satisfaction and, 

consequently, perceived organizational support. Based on this and the preceding paragraph about 

incentives, we would suggest that consultancies should consider carefully whether incentive or 

allowance components should be prioritized. We would argue that entry-level management 

consultants prefer allowances to incentives. Further, the allowance component will not create the 

inherent risk that is present for any type of performance contingent pay, namely that it may be 

contingent on the wrong things or produce unwanted side effects on teamwork and creativity. At last, 

consultancies should be aware of possible regional differences in the prominence of both the 

allowance and the incentive component (see appendix 28). 

Use safety and work-life balance for retention 

At last, the safety and work-life balance component may have a positive effect on employee retention, 

as respondents who are generally unsatisfied with their compensation choose to remain with the firm 

after all, possibly due to the inherent properties of the safety and work-life balance component. 

Further, as highlighted in the theory section, work-life balance may be positively associated with 

other organizational performance parameters, such as recruitment and reputation, as well as 

individual performance parameters, such as commitment and marginal productivity (Kaiser et al. 

2011). Still, since many management consultants perceive their stint at a consultancy as something 

temporary that is designed to give them a faster career progression (Kubr 2002), it is unlikely, at least 
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for ambitious consultants, that a component that is associated with insurance against future 

misfortunes and shorter working hours will yield high levels of compensation satisfaction. 

Further implications 

Further, our findings suggest that perceived procedural justice (the clarity and fairness component) 

should not be a main concern for consultancies, as the structure of consulting firms inherently deals 

well with this. We argue that the same is true with regards to the merit pay component. Consultants 

may simply anticipate that some of the merits associated with working at a management consultancy 

is a fast career progression with corresponding salary increases. Thus, although we argue that the 

merit pay component and the clarity and fairness component are important to consultants, they may 

simply perceive them as hygiene factors, i.e., something that has to be present in order for them even 

to consider working at a given consultancy.  

In sum, we believe that management consultancies should be looking closer at how they may increase 

compensation satisfaction efficiently by changing the structure of how they compensate their 

employees.  
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CONCLUSION 

The final section of this thesis is concluding on the findings from our analysis and discussion. It 

thus aims at answering the problem statement we set out to explore. Finally, it outlines the 

limitations to the generalizability of the results. 

 

This thesis set out to investigate the potential impact of different components of individual 

compensation and reward schemes on compensation satisfaction. More specifically, this thesis 

investigated the potential associations between a management consultant’s level of compensation 

satisfaction and her propensity to highlight various compensation components as the best aspect of 

her individual compensation and reward scheme. Thus, the thesis sought to answer the following 

problem statement: 

••• 

"Depending on their level of compensation satisfaction, which components are management 

consultants most likely to highlight as the best aspect of their individual compensation and 

reward schemes?" 

••• 

Three sub questions were formed to guide the investigation  

1. Which component is most likely to be associated with high levels of compensation 

satisfaction? 

2. How does the individual characteristics of management consultants affect the associations 

between components and compensation satisfaction? 

3. What implications should these associations have for the design of compensation and reward 

schemes? 

 

In the following, we will outline the investigative process and present our results. The conclusion is 

thus split in two parts, one part that summarizes the research design and one part that summarizes our 

findings 

 

Research design 

The thesis investigated the problem statement by developing a predictive model based on logistic 

regression that we utilized for hypotheses testing. Our sample consists of 460 observations, which 

were collected by Vault.com directly from verified employees at European consultancies through 

stratified random sampling. The data was manually retrieved from Vault.com, which is a well-

renowned and reliable career portal website that primarily serves university students with career-
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related content. The outcome variable "best aspect" needed to be categorized in order to be fit for 

statistical analysis. Consequently, we established a set of rules for assigning observations 

consistently. We are confident that others would come to the same distribution of observations if they 

applied the same rules for categorization. The outcome variable consists of six mutually exclusive 

categories, each representing a component, or aspect, of a compensation and reward scheme. In 

addition to the outcome variable, we obtained a number of independent variables in order to assess 

and control for various adjusting effects. The three independent control variables are (1) level, which 

controls for differences in seniority; (2) region, which adjusts for the effect that respondents were 

based in different parts of Europe; and (3) company size, which controls for differences in the size of 

the respondent’s employer. Most importantly, Vault.com provided an independent continuous 

variable (stars) that measure each respondent’s level of compensation satisfaction, on a scale from 1 

to 5. Thus, the star variable was crucial to our investigation into the possible patterns of association 

between compensation satisfaction and a respondent's propensity to highlight the different categories 

that make up the outcome variable 

We built a predictive model based on a seven-step model-building approach, called purposeful 

selection, by Hosmer et al. (2013). This approach ensures not just the selection of significant 

independent variables but also the retention of confounding variables. The model-building approach 

tests whether assumptions are met, in order to ensure the robustness of the results. Ultimately, the 

predictive model was validated through the use of two strong internal validation methods, namely (1) 

100 repeats of 10-fold cross-validation and (2) 1000 bootstrap resamples.  

Based on theoretical insights from agency theory, social exchange theory, theories of distributive and 

procedural justice and self-determination theory, we developed 8 hypotheses that together would 

produce the insights necessary to provide an answer to the problem statement. The univariable 

analyses of association were then utilized to test our hypotheses. 

 

Results 

The final predictive model is able to make predictions about the likelihood that a management 

consultant will prefer a given compensation and reward component to the other components, given 

her individual characteristics. The validation tests show that the predictive model has an accuracy 

(ACC) of 36.74% (See table 12), which is significantly greater than the no information rate (NIR) of 

27.39% (P-value that ACC > NIR: 7.80E-06***). We argue that the model provides a foundation for 

achieving a better understanding of the nature of association between compensation satisfaction and 

the different compensation and reward scheme components.    

The conclusion to our problem statement is that management consultants, at the two extreme ends of 

the compensation satisfaction scale (1 and 5), are more likely to highlight the safety and work-life 
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balance and base salary components, respectively, than any of the alternative components, as the best 

aspect of their individual compensation and reward scheme. Safety and work-life balance thus 

decreases in importance as compensation satisfaction increases, while base salaries increases in 

prominence. 

The first sub-question, which is concerned with which components that are most likely to be 

associated with high levels of compensation satisfaction, was addressed by hypotheses 1 through 6. 

The second, which deals with the characteristics of a consultant and its impact on his or her probability 

of choosing a component, was addressed by hypotheses 7 and 8. Our findings lend support to 5 of 

our 8 hypotheses (H1, H4, H5, H7 and H8). 

 

For the first sub-question, our findings show that base salary is the most likely component to be 

associated with high levels of compensation satisfaction. For the second sub-question, we conclude 

that the three independent variables company size, seniority and region provide some adjustments to 

the effect of compensation satisfaction. For instance, consultants employed at small consultancies are 

significantly more likely to highlight the incentive component relative to consultants employed at 

medium or large consultancies. Further, we observed that consultants with high seniority (i.e., 

experienced consultants) are more likely than their entry-level colleagues to highlight the incentive 

component as the best aspect of their individual compensation and reward scheme. Finally, the 

prominence of the allowance and merit pay components vary across the regions, with the allowance 

component being more prominent in regions 1 and 2, while the merit pay component being more 

prominent in regions 3 and 4. 

 

The third and final sub-question calls for a discussion of the potential practical implications of our 

findings for the design of compensation and reward schemes in management consulting. We argued 

that our findings have three main implications for reputable management consultancies in Europe: 

 

Focus on getting base salaries right 

The base salary component has the potential to drive compensation satisfaction, but may also be a 

source of dissatisfaction when perceived as inadequate. The base salary component is particularly 

associated with high levels of compensation satisfaction. The prominence of the component thus 

increases with compensation satisfaction. Consequently, we suggest that management consultancies 

should prioritize giving their employees a competitive base salary. 

 

Consider allowances before incentives 

Our results did not find any significant association between a respondent’s level of compensation 

satisfaction and their propensity to highlight either the allowance or the incentive component. In other 

words, the chance that a respondent would highlight either of the components as the best aspect 
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remains consistent regardless of the respondent’s level of compensation satisfaction. However, we 

found that the allowance component is highlighted as the best aspect more often than the incentive 

component is. This is true across all regions and at every level of seniority that we measured. The 

only situation in which the incentive component ranks more prominently than the allowance 

component is for management consultants in small consultancies. Consequently, we suggest that 

consultancies should consider carefully whether to prioritize the allowance component over the 

incentive component.  

Use safety and work-life balance for retention 

At last, the safety and work-life balance component may have a positive effect on organizational 

performance parameters such as employee retention, reputation, and recruitment. Respondents who 

are generally unsatisfied with their compensation choose to remain with the firm after all, possibly 

due to the inherent properties of the safety and work-life balance component. Consequently, we 

propose that management consultancies ensure that their safety and work-life balance component is 

adequate in terms of providing the necessary perceived support for their employees to perform. 

 

Generalizability of results and suggestions for further research 

We argue that the robustness of our analytical framework ensures that our implications are 

generalizable across our population of interest. However, applying our model to other professional 

service industries may be fraught with problems, as structural differences in terms of working 

methods, culture, and regulatory framework may change the underlying dynamics that govern the 

associations between a respondent’s level of compensation satisfaction and her propensity to 

highlight the various components of her individual compensation and reward scheme. 

As noted in the delimitations sub-section of the introduction, we argued that other time windows may 

have produced different results. Additionally, it would have been interesting to investigate how 

preferences and associations may evolve over the course of a longer period. At last, introducing 

alternative independent confounding variables into the model may provide new insights about 

potentially significant adjusting effects to the impact of compensation satisfaction. We invite other 

scholars to further investigate these extensions to our research. 

 

 

 

 

 



 

108 

 

REFERENCES 

A. T. Kearney, 2017. Services. A. T. Kearney. Available at: https://www.atkearney.com/ [Accessed 

April 15, 2017]. 

Abowd, J.M. et al., 1999. High Wage Workers and High Wage Firms. Econometrica, 67(2), 

pp.251–333. 

Adams, J.S., 1965. Inequity in social exchange. In L. Berkowitz, ed. Advances in Experimental 

Social Psychology. Academic Press, New York, pp. 267–99. 

Agresti, A. & Franklin, C., 2013. Statistics: The Art and Science of Learning from Data 3rd ed., 

Boston, MA: Pearson.  

Alchian, A.A. & Demsetz, H., 1972. Production, Information Costs, and Economic Organization. 

The American Economic Review, 62(5), pp.777–795.  

Anand, N., Gardner, H.K. & Morris, T., 2007. Knowledge-Based Innovation: Emergence and 

Embedding of New Practice Areas in Management Consulting Firms. Academy of 

Management Journal, 50(2), pp.406–428.  

Andreas, J.M., Rapp, M.S. & Wolff, M., 2012. Determinants of director compensation in two-tier 

systems: Evidence from German panel data. Review of Managerial Science, 6(1), pp.33–79. 

No Author, Cross-validation and the Bootstrap. Stanford Online - Lagunita. Available at: 

https://lagunita.stanford.edu/c4x/HumanitiesScience/StatLearning/asset/cv_boot.pdf [Accessed 

April 4, 2017]. 

No Author, 2011. Stratified Sampling (bootstrapping algorithms). IBM Knowledge Center. 

Available at: 

https://www.ibm.com/support/knowledgecenter/ja/SSLVMB_20.0.0/com.ibm.spss.statistics.he

lp/alg_bootstrap_sampling_stratified.htm [Accessed March 27, 2017]. 

Ariely, D. et al., 2009. Large Stakes and Big Mistakes. Review of Economic Studies, 76(2), pp.451–

469. 

Bain & Company, 2017. Consulting Services. Bain & Company. Available at: 

http://bain.com/consulting-services/index.aspx [Accessed April 15, 2017]. 

Baker, G.P., 1992. Incentive Contracts and Performance Measurement. Journal of Political 

Economy, 100(3), pp.598–614. Available at: http://www.jstor.org/stable/2138733. 

Barron, J. & Gjerde, K.P., 1997. Peer Pressure in an Agency Relationship. Journal of Labor 

Economics, 15(2), pp.234–254. 

Batchelor, C., 2011. Special Report: “Up or out” is part of industry culture. Financial Times. 

Available at: https://www.ft.com/content/d42434b2-6b69-11e0-a53e-00144feab49a. 

Bénabou, R. & Tirole, J., 2003. Intrinsic and extrinsic motivation. The Review of Economic Studies, 

70(3), pp.489–520. 

Bergmann, T.J. & Scarpello, V.G., 2002. Compensation Decision Making 4th editio., Mason, OH, 

Southwestern. 

Blau, P.M., 1994. Structural contexts of opportunities First edit., The University of Chicago Press, 



 

109 

 

Chicago. 

Bloomberg, 2017. Company Overview of Vault.com Inc. Available at: 

https://www.bloomberg.com/research/stocks/private/snapshot.asp?privcapId=36167 [Accessed 

April 30, 2017]. 

Bornmann, L., 2015. Interrater Reliability and Convergent Validity of F1000Prime Peer Review. 

Journal of the Association for Information Science and Technology, 66(12), pp.2415–2426. 

Bryman, A. & Bell, E., 2011. Business Research Methods 3rd ed., Oxford: Oxford University Press. 

Byrne, B.M., 2001. Structural Equation Modeling with AMOS 1st ed., Lawrence Erlbaum. 

Cerasoli, C.P., Nicklin, J.M. & Ford, M.T., 2014. Intrinsic Motivation and Extrinsic Incentives 

Jointly Predict Performance: A 40-Year Meta-Analysis. Psychological bulletin, 140(4), 

pp.980–1008. 

Che, Y.-K. & Yoo, S.-W., 2001. Optimal Incentives for Teams. The American Economic Review, 

91(3), pp.525–541. 

Colquitt, J.A. et al., 2001. Justice at the millennium: a meta-analytic review of 25 years of 

organizational justice research. Journal of Applied Psychology, 86(3), pp.425–45. 

Currall, S.C. et al., 2005. Pay satisfaction and organizational outcomes. Personnel Psychology, 

58(3), pp.613–640. 

Deci, E., 1971. Effects of externally mediated rewards on intrinsic motivation. Journal of 

personality and Social Psychology, 18(1), pp.105–115. 

Deci, E., Koestner, R. & Ryan, R., 1999. A meta-analytic review of experiments examining the 

effects of extrinsic rewards on intrinsic motivation. Psychological bulletin, 125(6), pp.627-68; 

692-700. 

Derksen, S. & Keselman, H.J., 1992. Backward, forward and stepwise automated subset selection 

algorithms: Frequency of obtaining authentic and noise variables. British Journal of 

Mathematical and Statistical Psychology, 45(2), pp.265–282. 

Dreher, G.F., Ash, R.A. & Bretz, R.D., 1988. Benefit coverage and employee cost: Critical factors 

in explaining compensation satisfaction. Personnel Psychology, 41(2), pp.237–254. 

Dysvik, A. & Kuvaas, B., 2011. Intrinsic motivation as a moderator on the relationship between 

perceived job autonomy and work performance. European Journal of Work and 

Organizational Psychology, 20(3), pp.367–387. 

Dysvik, A. & Kuvaas, B., 2008. The relationship between perceived training opportunities, work 

motivation and employee outcomes. International Journal of Training and Development, 

12(3), pp.138–157. 

Economist, 2013. Management consulting: To the brainy, the spoils. The Economist. Available at: 

http://www.economist.com/news/business/21577376-world-grows-more-confusing-demand-

clever-consultants-booming-brainy. 

Eisenberger, R. et al., 1986. Perceived Organizational Support. Journal of Applied Psychology, 

71(3), pp.500–507. 



 

110 

 

Ekeh, P.P., 1974. Social exchange theory: The two traditions First edit., Heinemann Educational 

Books, London. 

Eurofund, 2009. Working time in the European Union: Romania. Available at: 

https://www.eurofound.europa.eu/observatories/eurwork/comparative-information/national-

contributions/romania/working-time-in-the-european-union-romania [Accessed February 27, 

2017]. 

Fall, A. & Roussel, P., 2014. Compensation and Work Motivation: Self-Determination Theory and 

the Paradigm of Motivation through Incentives. In M. Gagne, ed. The Oxford Handbook of 

Work Engagement, Motivation, and Self-Determination Theory. Oxford University Press, pp. 

199–2017. 

Field, A., Miles, J. & Field, Z., 2012. Discovering Statistics Using R, 

Fincham, R., 2006. Knowledge work as occupational strategy: Comparing IT and management 

consulting. New Technology, Work and Employment, 21(1), pp.16–28. 

Fong, S. & Shaffer, M., 2003. The dimensionality and determinants of pay satisfaction: a cross-

cultural investigation of a group incentive plan. The International Journal of Human Resource 

Management, 14(4), pp.559–580. 

Fortmann-Roe, S., 2012. Understanding the Bias-Variance Tradeoff. Available at: 

http://scott.fortmann-roe.com/docs/BiasVariance.html [Accessed March 28, 2017]. 

Fox, J. & Monette, G., 1992. Generalized Collinearity Diagnostics. Journal of the American 

Statistical Association, 87(417), pp.178–183. 

Fox, J. & Weisberg, S., 2012. Bootstrapping Regression Models in R. In An R Companion to 

Applied Regression. 

Frey, B.S. & Jegen, R., 2001. Motivation Crowding Theory. Journal of economic surveys, 15(5), 

pp.589–611. 

Friendly, M. & Meyer, D., 2016. Discrete Data Analysis with R: Visualization and Modeling 

Techniques for Categorical and Count Data, Boca Raton, Fl: CRC Press. 

Frost, J., 2014. Why Is There No R-Squared for Nonlinear Regression? Available at: 

http://blog.minitab.com/blog/adventures-in-statistics-2/why-is-there-no-r-squared-for-

nonlinear-regression [Accessed March 7, 2017]. 

Gagné, M. & Forest, J., 2008. The study of compensation systems through the lens of self-

determination theory: Reconciling 35 years of debate. Canadian Psychology, 49(3), pp.225–

232. 

Gardner, D.G., Van Dyne, L. & Pierce, J.L., 2004. The effects of pay level on organization-based 

self-esteem and performance: A field study. Journal of Occupational and Organizational 

Psychology, 77(3), pp.307–322.  

Glassdoor.com, 2017. Consultant salaries. Available at: 

https://www.glassdoor.com/Salaries/consultant-salary-SRCH_KO0,10.htm [Accessed 

February 23, 2017]. 

Gneezy, U., Niederle, M. & Rustichini, A., 2003. Performance in competitive environments: gender 



 

111 

 

differences. Quarterly Journal of Economics, (August), pp.1049–1074. 

Gneezy, U. & Rustichini, A., 2000. A Fine is a Price. The Journal of Legal Studies, 29(1), pp.1–17.  

Goodale, J.C., Kuratko, D.F. & Hornsby, J.S., 2008. Influence factors for operational control and 

compensation in professional service firms. Journal of Operations Management, 26(5), 

pp.669–688. Available at: http://dx.doi.org/10.1016/j.jom.2007.12.001. 

Greenhaus, J.H., Collins, K.M. & Shaw, J.D., 2003. The relation between work-family balance and 

quality of life. Journal of Vocational Behavior, 63(3), pp.510–531. 

Greenwood, R. & Empson, L., 2003. The Professional Partnership: Relic or Exemplary Form of 

Governance? Organization Studies, 24(6), pp.909–933.  

Hamel, G., 2011. Reinventing the Technology of Human Accomplishment. Available at: 

https://www.youtube.com/watch?v=aodjgkv65MM [Accessed May 2, 2017]. 

Harrell, F.E., 2015. Regression Modeling Strategies 2nd ed., 

Haukoos, J.S. & Lewis, R.J., 2005. Advanced statistics: Bootstrapping confidence intervals for 

statistics with “difficult” distributions. Academic Emergency Medicine, 12(4), pp.360–365. 

Heiberger, R.M. & Holland, B., 2015. Statistical Analysis and Data Display Second edi., Springer, 

New York. 

Hendrikse, G., 2003. Economics and Management of Organizations: Co-ordination, Motivation and 

Strategy, Berkshire: McGraw-Hill Education. 

Herzberg, F., 1968. One More Time : How Do You Motivate Employees? Harvard Business 

Review, (January), pp.86–96. 

Hinings, R. et al., 2015. Researching Professional Service Firms. In The Oxford Handbook of 

Professional Service Firms. pp. 1–28.  

Holmstrom, B., 1982. Moral Hazard in Teams. The Bell Journal of Economics, 13(2), pp.324–340. 

Hosmer, D.W., Lemeshow, S. & Sturdivant, R.X., 2013. Applied Logistic Regression Third edit., 

John Wiley & Sons. 

Igalens, J. & Roussel, P., 1999. A study of the relationships between compensation package, work 

motivation and job satisfaction. Journal of Organizational Behavior, 20(February 1998), 

pp.1003–1025. 

Inside Careers, 2016. The Official Graduate Career Guide to: Management Consultancy, 

Jensen, M.H. & Meckling, W.H., 1976. Theory of the Firm: Managerial Behavior,   Agency Costs 

and Ownership Structure . Journal of financial economics, 3(4), pp.305–360. 

Judge, T.A. & Kammeyer-Mueller, J.D., 2012. Job Attitudes. Annual review of psychology, (63), 

pp.341–67. 

Kaiser, S. et al., 2011. Creating balance?: International perspectives on the work-life integration of 

professionals, 

Kandel, E. & Lazear, E.P., 1992. Peer Pressure and Partnerships. Journal of Political Economy, 

100(4), pp.801–817. 



 

112 

 

Kipping, M. & Clark, T., 2012. Researching Management Consulting: An Introduction to the 

Handbook, 

Kubr, M., 2002. Management Consulting: a guide to the profession, Geneva: International Labour 

Office. 

Kuhn, M., 2016. Classification and Regression Training. CRAN. 

Kuvaas, B., 2006. Work performance, affective commitment, and work motivation: the roles of pay 

administration and pay level. Journal of Organizational Behavior, 27(September 2005), 

pp.365–385. 

LaBudde, R.A. & Chernick, M.R., 2011. An Introduction to Bootstrap Methods with Applications to 

R 1st ed., John Wiley & Sons, Incorporated. 

Laffont, J.-J. & Martimort, D., 2001. the Theory of Incentives I : the Principal-Agent Model, 

Princeton University Press. Princeton, NJ. 

Larkin, I., Pierce, L. & Gino, F., 2012. The Psychological Costs of Pay-for-Performance: 

Implications for the Strategic Compensation of Employees. Strategic Management Journal, 

33, pp.1194–1214. 

De Laurentis, G., Maino, R. & Molteni, L., 2010. Developing, Validating and Using Internal 

Ratings: Methodologies and Case Studies, 

Lazear, E.P., 1996. Performance Pay and Productivity. American Economic Review, 90(5), 

pp.1346–1361. 

Lazear, E.P.. & Rosen, S., 1981. Rank-Order Tournaments as Optimum Labor Contracts. The 

Journal of Political Economy, 89(5), pp.841–864. 

Lee, C.H. & Bruvold, N.T., 2003. Creating value for employees: investment in employee 

development. The International Journal of Human Resource Management, 14(6), pp.981–

1000. 

Leventhal, G.S., 1980. What Should Be Done with Equity Theory? In K. J. Gergen, M. S. 

Greenberg, & R. H. Willis, eds. Social Exchange: Advances in Theory and Research. Boston, 

MA: Springer US, pp. 27–55. 

McAfee, R.P. & McMillan, J., 1991. Optimal Contracts for Teams. International Economic Review, 

32, pp.561–577. 

McKinsey & Company, 2017. Business Functions. McKinsey & Company. Available at: 

http://www.mckinsey.com/#0 [Accessed April 15, 2017]. 

Miceli, M.P. & Lane, M.C., 1991. Antecedents of pay satisfaction: A review and extension. In K. R. 

M. & G. R. Ferris, eds. Research in personnel and human resources management. Greenwich, 

CT: JAI Press, pp. 235–309. 

Miceli, M.P. & Mulvey, P.W., 2000. Consequences of Satisfaction with Pay Systems: Two Field 

Studies. Industrial Relations, 39(1), pp.62–87. 

Mickey, R.M. & Greenland, S., 1989. The Impact of Confounder Selection Criteria on Effect 

Estimation. American Journal of Epidemiology1, 129(1), pp.125–137. 



 

113 

 

Milkovich, G.T., Newman, J.M. & Gerhart, B., 2011. Compensation 10th Editi., New York, NY: 

McGraw-Hill/Irwin. 

Murphy, K.J., 1999. Executive Compensation. In O. Ashenfelter & D. Card, eds. Handbook of 

Labor Economics, Volume 4B. pp. 2485–2563. 

Nalbantian, H.R. & Schotter, A., 1997. Productivity Under Group Incentives: An Experimental 

Study. 1The American Economic Review, 87(3), pp.314–341. 

Von Nordenflycht, A., 2010. What is a professional service firm? Toward a theory and taxonomy of 

knowledge-intensive firms. Academy of Management Review, 35(1), pp.155–174. 

Nyberg, A.J., Pieper, J.R. & Trevor, C.O., 2016. Pay-for-Performance’s Effect on Future Employee 

Performance. 

O’Brien, R.M., 2007. A caution regarding rules of thumb for variance inflation factors. Quality and 

Quantity, 41(5), pp.673–690. 

O’Gorman, K. & MacIntosh, R., 2015. Mapping Research Methods. In Research Methods for 

Business & Management: A guide to writing your dissertation. Oxford: Goodfellow Publishers 

Ltd, pp. 50–74. 

Oakley, C. et al., 2015. 2015 Strategy Consulting Compensation Study, Greensboro, NC. 

Oakley, K., 1993. Management Consultancy - Profession or Knowledge Industry, 

OECD, 2015. How’s Life? 2015: Measuring Well-being, Paris. Available at: 

http://dx.doi.org/10.1787/how_life-2015-en. 

Osborne, J.W., 2006. Bringing balance and technical accuracy to reporting odds ratios and the 

results of logistic regression analyses. Practical Assessment, Research & Evaluation, 11(7). 

Papachroni, A. & Lochrie, S., 2015. Case Studies and Data. In K. O’Gorman & R. MacIntosh, eds. 

Research Methods for Business & Management: A guide to writing your dissertation. Oxford: 

Goodfellow Publishers Ltd, pp. 75–95. 

Peduzzi, P. et al., 1996. A simulation study of the number of events per variable in logistic 

regression analysis. Journal of Clinical Epidemiology, 49(12), pp.1373–1379. 

Peng, C., Lee, K. & Ingersoll, G.M., 2002. An introduction to logistic regression analysis and 

reporting. The Journal of Education Research, 96(1), pp.3–14. 

Pepper, A. & Gore, J., 2015. Behavioral Agency Theory: New Foundations for Theorizing About 

Executive Compensation. Journal of Management, 41(4), pp.1045–1068. 

Peters, T.J., 2008. Multifarious terminology: multivariable or multivariate? univariable or 

univariate? Paediatric and Perinatal Epidemiology, 22, p.506. 

Petersen, C. et al., 2009. Determinants of executive compensation in privately held firms, 

Pinder, C.C., 2008. Work motivation in organizational behavior Second edi., Psychology Press, 

New York, NY. 

Rhoades, L. & Eisenberger, R., 2002. Perceived organizational support: A review of the literature. 

Journal of Applied Psychology, 87(4), pp.698–714. 



 

114 

 

Ryan, R. & Deci, E., 2000a. Intrinsic and Extrinsic Motivations: Classic Definitions and New 

Directions. Contemporary Educational Psychology, 25, pp.54–67. 

Ryan, R. & Deci, E., 2000b. Self-determination theory and the facilitation of intrinsic motivation, 

social development, and well-being. The American psychologist, 55(1), pp.68–78. 

Rynes, S.L., Gerhart, B. & Minette, K.A., 2004. The importance of pay in employee motivation: 

Discrepancies between what people say and what they do. Human Resource Management, 

43(4), pp.381–394. 

Saugstrup, T. & Daugaard, F., 2016. An Investigation of the Optimal Payment Scheme for 

Management Consultants. 

Schneider, B. et al., 2003. Which comes first: employee attitudes or organizational financial and 

market performance? The Journal of applied psychology, 88(5), pp.836–851. 

Settoon, R.P., Bennett, N. & Liden, R.C., 1996. Social exchange in organizations: Perceived 

organizational support, leader-member exchange, and employee reciprocity. Journal of 

Applied Psychology, 81(3), pp.219–227. 

Shalizi, C., 2010. The Bootstrap. American Scientist, 98(3), pp.186–190. 

SHRM, 2015. Benefits Take on New Importance in Recruiting and Retaining Employees, SHRM 

Survey Finds. 2015 Strategic Benefits Survey. Available at: https://www.shrm.org/about-

shrm/press-room/press-releases/Pages/2015_Strategic_Benefits_Survey.aspx. 

Smolkowski, K., 2004. Effects of Multicollinearity on Completed Models. Available at: 

http://homes.ori.org/keiths/Files/Methods/Multicollinearity.html [Accessed April 24, 2017]. 

Statistics Solutions, Assumptions of Logistic Regression. Statistics Solutions. Available at: 

http://www.statisticssolutions.com/assumptions-of-logistic-regression/ [Accessed March 21, 

2017]. 

Stockwell, S., 2017. A framework for Industry 4.0. IBM Internet of Things blog. Available at: 

https://www.ibm.com/blogs/internet-of-things/industry-4-0-industrial-framework/. 

Taheri, B. et al., 2015. Quantitative Data Gathering Techniques. In K. O’Gorman & R. MacIntosh, 

eds. Research Methods for Business & Management: A guide to writing your dissertation. 

Oxford: Goodfellow Publishers Ltd, pp. 155–173. 

Tekleab, A.G., Bartol, K.M. & Liu, W., 2005. Is it pay levels or pay raises that matter to fairness 

and turnover? Journal of Organizational Behavior, 26(8), pp.899–921. 

The Economist, 2015. Schumpeter: How to join the 1%. The Economist. Available at: 

http://www.economist.com/news/business/21651207-book-persistence-elites-unexpected-

guide-getting-good-job-how-join. 

The Economist, 2016. Schumpeter: Team Spirit. The Economist. Available at: 

http://www.economist.com/news/business-and-finance/21694962-managing-them-hard-

businesses-are-embracing-idea-working-teams. 

The Economist, 2006. Work-Life Balance: Life beyond pay. The Economist. Available at: 

http://www.economist.com/node/7055931. 

The R Foundation, What is R? The R Foundation. Available at: https://www.r-



 

115 

 

project.org/about.html [Accessed March 20, 2017]. 

The World Bank, 2016. Labor Market Regulation: UAE. Available at: 

http://www.doingbusiness.org/data/exploreeconomies/united-arab-emirates/labor-market-

regulation [Accessed February 27, 2017]. 

Thomsen, S. & Conyon, M., 2012. Corporate Governance: Mechanisms and Systems, Djøf Forlag. 

UCLA, FAQ: How Are the Likelihood Ratio, Wald, and Lagrange Multiplier (Score) Tests 

Different and/or Similar? Institute for Digital Research and Education. Available at: 

http://stats.idre.ucla.edu/other/mult-pkg/faq/general/faqhow-are-the-likelihood-ratio-wald-and-

lagrange-multiplier-score-tests-different-andor-similar/ [Accessed March 8, 2017]. 

UCLA, 2011. FAQ: What Are Pseudo R-Squareds? Institute for Digital Research and Education. 

Available at: http://stats.idre.ucla.edu/other/mult-pkg/faq/general/faq-what-are-pseudo-r-

squareds/ [Accessed March 7, 2017]. 

Vandenberghe, C. & Tremblay, M., 2008. The role of pay satisfaction and organizational 

commitment in turnover intentions: A two-sample study. Journal of Business and Psychology, 

22(3), pp.275–286. 

Vault, Consulting: Overview. Available at: http://www.vault.com/industries-

professions/industries/consulting.aspx [Accessed April 20, 2017]. 

Vault.com, 2017. Vault Consulting 25 Europe. Available at: http://www.vault.com/company-

rankings/consulting/vault-consulting-25-europe/?sRankID=261 [Accessed February 28, 2017]. 

Venturini, S., 2016. Multinomial Logistic Regression. [Lecture Slides] Università Bocconi, pp.1–

24. 

Vittinghoff, E. & McCulloch, C.E., 2007. Relaxing the rule of ten events per variable in logistic and 

cox regression. American Journal of Epidemiology, 165(6), pp.710–718. 

VSS, 2017. Our Portfolio. Available at: https://www.vss.com/portfolio-list/ [Accessed May 5, 

2017]. 

Weibel, A., Rost, K. & Osterloh, M., 2010. Pay for performance in the public sector - Benefits and 

(Hidden) costs. Journal of Public Administration Research and Theory, 20(2), pp.387–412. 

Weibel, A., Wiemann, M. & Osterloh, M., 2014. A Behavioral Economics Perspective on the 

Overjustification Effect: Crowding-In and Crowding-Out of Intrinsic Motivation. In M. Gagné, 

ed. The Oxford Handbook of Work Engagement, Motivation, and Self-Determination Theory. 

Oxford University Press, pp. 72–84. 

Williams, M.L. et al., 2008. A comprehensive model and measure of compensation satisfaction. 

Journal of Occupational and Organizational Psychology, 81, pp.639–668. 

 

 

 

 



 

116 

 

APPENDICES 

 

Appendix 1: Companies featuring in the 2017 Vault Consulting 25 Europe ranking 

 

Company Employees Offices Size 

McKinsey 10000+ 100+ Large 

Bain 5001-10000 53 Large 

Wyman 1001-5000 58 Large 

Berger 1001-5000 50 Large 

Kearney 1001-5000 62 Large 

LEK 1001-5000 20 Large 

Strategy& 1001-5000 69 Large 

SimonKucher 1001-5000 33 Large 

AlvarezMarsal 1001-5000 45 Large 

Protiviti 1001-5000 70 Large 

ZSAssociates 1001-5000 22 Large 

OCC 501-1000 14 Medium 

QVARTZ 201-500 3 Medium 

ArthurLittle 501-1000 35 Medium 

Brattle 201-500 9 Medium 

NERA 501-1000 25 Medium 

Evidera 201-500 8 Medium 

CorporateValueAssociates 201-500 17 Medium 

SiaPartners 501-1000 20 Medium 

ValuePartners 201-500 10 Medium 

FrontierEconomics 51-200 7 Small 

Marakon 51-200 4 Small 

Candesic 11-50 3 Small 

CIL 51-200 2 Small 

AliraHealth 51-200 6 Small 
 

Source: (Vault.com 2017) 
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Appendix 2: Correspondence with Vault - Question framing  

 

Source: (Vault.com 2017) 
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Appendix 3: Grouping of countries into 4 regions 

 

Source: (OECD 2015) 
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Appendix 4: Correspondence with Vault – Various questions 
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Source: (Vault.com 2017) 
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Appendix 5: Estimating Coefficients – difference between linear and logistic 

To estimate the coefficients (𝛽) in any logistic regression model, we need to take a look at how the 

process is conducted in linear regression models. In linear regression, the coefficients are estimated by 

the least-squares method, which estimates the coefficients that minimizes the distance between observed 

and predicted values (Hosmer et al. 2013). The general method for linear regressions that lead to the 

least-squares estimation of coefficients is called ‘maximum likelihood’ (Hosmer et al. 2013). First, a 

function, called the ‘likelihood function’, which expresses the probability of the observed data as a 

function of the coefficients (Hosmer et al. 2013). The coefficients chosen are the ones that maximize 

the likelihood function. They are called the ‘maximum likelihood estimators’. (Hosmer et al. 2013). 

However, the version of the maximum likelihood method commonly used in linear regression only 

works when error terms are normally distributed, which is not the case when dealing with a categorical 

outcome variable (Hosmer et al. 2013). Still, logistic regression is based on many of the same principles 

as linear regression, namely fitting a model that best describes the observed data points 

Suppose that the outcome variable Y is coded as either 1 or 0, then the equation 𝐸(𝑌 = 1|𝑥) = 𝜋(𝑥) 

gives the conditional probability of Y being equal to 1, given x, while the equation 𝐸(𝑌 = 0|𝑥) = 1 −

𝜋(𝑥) gives the conditional probability of Y being equal to 0, given x (Hosmer et al. 2013). Thus, in a 

data sample consisting of observations 𝑥𝑖 that yields 𝑦𝑖 = 1 and observations 𝑥𝑖 that yields 𝑦𝑖 = 0, the 

contribution to the likelihood function is given by: 

𝜋(𝑥𝑖)
𝑦𝑖[1 − 𝜋(𝑥𝑖)]1−𝑦𝑖 

Given that observations are assumed to be independent of each other, we obtain the likelihood function 

by taking the product of the terms given in the previous equation: 

𝑙(𝛽) = ∏ 𝜋(𝑥𝑖)
𝑦𝑖

𝑛

𝑖=1

[1 − 𝜋(𝑥𝑖)]1−𝑦𝑖 

Where 𝛽 is the vector of model coefficients that we want to estimate. The principle of the maximum 

likelihood method specifies that we use the coefficients that maximizes the above equation (Hosmer et 

al. 2013). A corresponding equation, which is mathematically easier to work with, is derived by taking 

the log of the above equation. This equation is called the log likelihood: 

𝐿(𝛽) = ln[𝑙(𝛽)] = ∑{𝑦𝑖 ln[𝜋(𝑥𝑖)] + (1 − 𝑦𝑖) ln[1 − 𝜋(𝑥𝑖)]}

𝑛

𝑖=1

 

The log likelihood equation may also be used to assess how well a given model fits the data sample that 

it is based upon, with large values representing high levels of unexplained variance, an indication for a 

poorly fitted model, and vice versa (Field et al. 2012). In order to find the values for the coefficients 𝛽 
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that maximizes 𝐿(𝛽), we have to differentiate 𝐿(𝛽) with respect to all the individual coefficients in our 

respective model and set the equations equal to zero (Hosmer et al. 2013). These equations are called 

the likelihood equations: 

∑[𝑦𝑖 − 𝜋(𝑥𝑖)] = 0 

∑ 𝑥𝑖[𝑦𝑖 − 𝜋(𝑥𝑖)] = 0 

For logistic regressions, the above two equations are non-linear in the unknown parameters and are 

usually solved using an iterative process that is rather complex (Hosmer et al. 2013). We will treat the 

solving of these equations as a detail that is left to the statistical software. 
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Appendix 6: Estimation of Confidence Intervals 

It is possible to produce an estimation of confidence intervals (CI) based on the likelihood ratio statistic, 

called a log-likelihood function-based confidence interval. However, the a Wald-based confidence 

interval is more intuitive, produces almost similar ranges (≤1% narrower range for Wald and little 

asymmetry between estimates), than the likelihood ratio statistic (Hosmer et al. 2013). Consequently, 

we will introduce the concept of confidence intervals by explaining the process for the Wald-based 

statistic: 

 The endpoints of a 95% confidence interval of the estimate of a logistic regression model, �̂�(𝑥), as well 

as for its estimated coefficients, �̂�𝑝, is given by (Hosmer et al. 2013): 

𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 ± 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 ∗ 𝑆𝐸(𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒) 

�̂�(𝑥) ± 𝑧
1−

𝛼
2

∗ 𝑆�̂�[�̂�(𝑥)] 

�̂�𝑝 ± 𝑧
1−

𝛼
2

∗ 𝑆�̂�(�̂�𝑝) 

Where 𝑧1−
𝛼

2
 is the percentile for the 100(1 − 𝛼)% confidence level from the standard normal 

distribution, which is approximately 1.96 for a 95% confidence interval (Hosmer et al. 2013). Where 

𝑆�̂�[ . ] is the estimated standard error, derived by taking the square root of the estimated variance. The 

estimated variance and standard error for a multinomial logistic regression is given by: 

𝑆�̂�[�̂�(𝑥)] = √𝑉𝑎�̂�[�̂�(𝑥)] 

𝑤ℎ𝑒𝑟𝑒  𝑉𝑎�̂�[�̂�(𝑥)] = ∑ 𝑥𝑗
2𝑉𝑎�̂�(�̂�𝑗)

𝑝

𝑗=0

+ ∑ ∑ 2𝑥𝑗𝑥𝑘𝐶𝑜�̂�(�̂�𝑗, �̂�𝑘)

𝑝

𝑘=𝑗+1

𝑝

𝑗=0

 

That being said, the issues with the Wald statistic is quite apparent, given that it is based on the 

assumption that the distribution of the maximum likelihood estimators is normal (Hosmer et al. 2013). 

When this assumption is not met, the Wald statistic will produce intervals that are too narrow, thereby 

failing to contain the true (population) parameter with the probability of the given confidence level 

(Hosmer et al. 2013). The sensitivity of the Wald statistic to the normality assumption is the reason why 

the likelihood ratio test is preferred, both for significance testing, and for confidence interval estimation 

(Harrell 2015; Hosmer et al. 2013). 

To obtain the profile likelihood CIs, we look at each coefficient (𝛽𝑗), one at a time. Suppose that 𝜃 

represents the coefficient of interest (𝛽𝑗), and 𝛿 represents a vector of the additional coefficients in the 

model. The maximum likelihood estimates of these coefficients are denoted by (𝜃∗, 𝛿∗). The null 
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hypothesis that θ0: 𝜃 = 0 is then tested by taking the difference in the likelihood ratio between the full 

model (where  𝛽𝑗 = 𝜃∗) and a reduced model (where  𝛽𝑗 = 𝜃0) (Stryhn & Christensen 2003; Patterson 

2011). The null hypothesis will be rejected at a given level of confidence if (Patterson 2011): 

2[𝑙𝑛𝐿(𝜃∗, 𝛿∗) − 𝑙𝑛𝐿(𝜃0, 𝛿0
∗)] = 2[𝑙𝑛𝐿(𝜃∗, 𝛿∗) − 𝑙𝑛𝐿(𝜃0)] < 𝜒1−𝛼

2 (1) 

Or equivalently: 

𝑙𝑛𝐿(𝜃0) > 𝑙𝑛𝐿(𝜃∗, 𝛿∗) −
𝜒1−𝛼

2 (1)

2
 

Where 𝜒1−𝛼
2 (1) is the chi-squared distribution with 1 degree of freedom (df) for the given confidence 

level (𝛼). We will not go further into detail about the computation, which will be done by statistical 

software.  
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Appendix 7: Bootstrapping Confidence Intervals 

It is possible to produce an estimation of confidence intervals (CI) based on the likelihood ratio  

For confidence interval estimation, the bootstrap process utilizes a method called the bootstrap 

percentile interval, which simply uses the empirically derived quantiles from the bootstrap samples at a 

desired confidence level (Fox & Weisberg 2012): 

𝑇𝑙𝑜𝑤𝑒𝑟
∗ < 𝜃 < 𝑇𝑢𝑝𝑝𝑒𝑟

∗  

At a 95% confidence interval, this would entail using the 25th lowest and the 975th highest bootstrap 

samples as estimates of the lower and upper bound, respectively. However, since we want to correct our 

coefficient estimates for bias, we will utilize a more complex version of the percentile interval, called 

bias-corrected-and-accelerated (BCA) confidence interval (Fox & Weisberg 2012). The BCA addresses 

the fact that the distribution around the mean (�̅�) may not be symmetric. Additionally, the BCA corrects 

for any skewness of the sampling distribution that may arise as 𝜃 varies (Carpenter & Bithell 2000). The 

BCA is generally considered to produce more accurate estimates of confidence intervals than more 

conventional methods (Efron & Tibshirani 1993; Carpenter & Bithell 2000; Davison & Hinkley 1997; 

Fox & Weisberg 2012).  First, we estimate the correction factor (z): 

𝑧 = Φ−1 [
#𝑏=1

𝑅 (𝑇𝑏
∗ ≤ 𝑇)

𝑅 + 1
] 

Where Φ−1 is the standard-normal quantile function. The bracket represents the estimated proportion of 

the bootstrap samples in which 𝑇𝑏
∗ is equal or below T. If T was completely unbiased (and the sampling 

distribution was symmetric), the proportion of 𝑇𝑏
∗ equal or below T would equal 0.521 (Fox & Weisberg 

2012). To estimate the upper and lower bounds for the confidence interval, we need to utilize the 

jackknife values of the statistic T. Jackknife values (𝑇−𝑖) are simply an estimate of T when one 

observation is removed from the data sample (Fox & Weisberg 2012). Then we calculate the second 

correction factor (𝑎): 

𝑎 =
∑ (�̅� − 𝑇−𝑖)

3𝑛
𝑖=1

6[∑ (𝑇−𝑖 − �̅�)2𝑛
𝑖=1 ]

3
2

 

With both correction factors estimated, we are able to compute the endpoints of the BCA percentile 

interval: 

                                                 
21 Even under these conditions, the correction factor could deviate from 0.5 because of sampling error, although if 

R=1000 or above, this error would be insignificant. 
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𝑎1 = Φ [𝑧 +
𝑧 − 𝑧

1−
𝛼
2

1 − 𝑎 (𝑧 − 𝑧
1−

𝛼
2

)
] 

𝑎2 = Φ [𝑧 +
𝑧 + 𝑧

1−
𝛼
2

1 − 𝑎 (𝑧 + 𝑧
1−

𝛼
2

)
] 

Where the values of 𝑎1 and 𝑎2 are the percentiles of R ordered bootstrap samples to be used as endpoints 

in the BCA percentile interval at the α confidence level (Fox & Weisberg 2012). 
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Appendix 8: R Code – Step 1 

##STEP 1 

#Univariate analysis of independent variables 

 

str(Final_format) 

summary(Final_format) 

library(car) 

library(mlogit) 

library(nnet) 

library(gmodels) 

library(vcd) 

library(effects) 

Final_format$Variable<-as.factor(Final_format$Variable) 

Final_format$Level<-as.factor(Final_format$Level) 

Final_format$Region<-as.factor(Final_format$Region) 

Final_format$CompanySize<-as.factor(Final_format$CompanySize) 

 

Final_format$Variable <- relevel(Final_format$Variable,ref = "Base") 

Final_format$Level <- relevel(Final_format$Level, ref = "Entry") 

Final_format$Region <- relevel(Final_format$Region, ref = "1") 

Final_format$CompanySize <- relevel(Final_format$CompanySize, ref = "Large") 

 

mydata1 <- Final_format[,c(4,5,8,9,13)] 

mldata <- mlogit.data(mydata1,choice = "Variable",shape = "wide") 

 

### contingency tables #### 

#in order to test that assumptions are met before chi-square test is performed 

 

#Variable ~ CompanySize 

CrossTable(mydata1$CompanySize,mydata1$Variable, fisher = TRUE, chisq = TRUE, expected = 

TRUE,sresid = TRUE, format = "SPSS",  

           prop.c = FALSE, prop.t = FALSE, prop.r = FALSE,prop.chisq = FALSE) 

 

mlmodel_CompanySize <- mlogit(Variable ~ 1 | CompanySize, reflevel = "Base",data = mldata) 

summary(mlmodel_CompanySize) 

cbind(data.frame(exp(mlmodel_CompanySize$coefficients)),exp(confint(mlmodel_CompanySize))) 
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multinom_CompanySize <- multinom(Variable ~ CompanySize,data = mydata1) 

Anova(multinom_CompanySize) 

plot(Effect(c("CompanySize"),multinom_CompanySize), style = "stacked", key.args = list(x = 0.5, y = 

1.0)) 

 

#Variale ~ Region 

CrossTable(mydata1$Region,mydata1$Variable, fisher = TRUE, chisq = TRUE, expected = 

TRUE,sresid = TRUE, format = "SPSS",  

           prop.c = FALSE, prop.t = FALSE, prop.r = FALSE,prop.chisq = FALSE) 

mlmodel_Region <- mlogit(Variable ~ 1 | Region, reflevel = "Base",data = mldata) 

summary(mlmodel_Region) 

cbind(data.frame(exp(mlmodel_Region$coefficients)),exp(confint(mlmodel_Region))) 

multinom_Region <- multinom(Variable ~ Region, data = mydata1) 

Anova(multinom_Region) 

plot(Effect(c("Region"),multinom_Region), style = "stacked", key.args = list(x = 0.5, y = 1.0)) 

 

#Variale ~ Level 

CrossTable(mydata1$Level,mydata1$Variable, fisher = TRUE, chisq = TRUE, expected = 

TRUE,sresid = TRUE, format = "SPSS",  

           prop.c = FALSE, prop.t = FALSE, prop.r = FALSE,prop.chisq = FALSE) 

mlmodel_Level <- mlogit(Variable ~ 1 | Level, reflevel = "Base",data = mldata) 

summary(mlmodel_Level) 

cbind(data.frame(exp(mlmodel_Level$coefficients)),exp(confint(mlmodel_Level))) 

multinom_Level <- multinom(Variable ~ Level, data = mydata1) 

summary(multinom_Level) 

Anova(multinom_Level) 

plot(Effect(c("Level"),multinom_Level), style = "stacked", key.args = list(x = 0.5, y = 1.0)) 

 

#Variable ~ Stars 

#NOTE: Stars is a continuous variable and thus requires another tests of association 

 

mlmodel_Stars <- mlogit(Variable ~ 1 | Stars, reflevel = "Base",data = mldata) 

summary(mlmodel_Stars) 

multinom_Stars <- multinom(Variable ~ Stars, data = mydata1) 

Anova(multinom_Stars) 

plot(effect(c("Stars"),multinom_Stars), style = "stacked", key.args = list(x = 0.5, y = 1.0)) 
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New <- data.frame(Stars = range(mydata1$Stars)) 

predict(multinom_Stars, newdata = New, "probs") 
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Appendix 9: R Code – Step 2 

str(Final_format) 

summary(Final_format) 

library(car) 

library(nnet) 

library(mlogit) 

library(stats4) 

library(MASS) 

Final_format$Variable<-as.factor(Final_format$Variable) 

Final_format$Level<-as.factor(Final_format$Level) 

Final_format$Region<-as.factor(Final_format$Region) 

Final_format$CompanySize<-as.factor(Final_format$CompanySize) 

 

 

Final_format$Variable <- relevel(Final_format$Variable,ref = "Base") 

Final_format$Level <- relevel(Final_format$Level, ref = "Entry") 

Final_format$Region <- relevel(Final_format$Region, ref = "1") 

Final_format$CompanySize <- relevel(Final_format$CompanySize, ref = "Large") 

 

 

mydata1 <- Final_format[,c(4,5,8,9,13)] 

 

mldata <- mlogit.data(mydata1,choice = "Variable",shape = "wide") 

 

mlmodel <- mlogit(Variable ~ 1 | CompanySize + Region + Stars + Level, data = mldata, reflevel = 

"Base") 

#Getting coefficient, standard error, t-value and p-value 

summary(mlmodel) 

multinom <- multinom(Variable ~ CompanySize + Stars + Level + Region, data = mydata1, Hess = 

TRUE) 

Anova(multinom) 

?Anova 

scoretest(mlmodel, heterosc = TRUE) 

vif(multinom) 

#exponentiating the coefficients to get the odds ratios + 95% confidence interval 

cbind(data.frame(exp(mlmodel$coefficients)),exp(confint(mlmodel))) 



 

132 

 

confint(mlmodel) 

##The confint() function computes CIs through the appropriate likelihood profile method  

 

 

vifmlmodel2 <- mlogit(Variable ~ 1 | CompanySize + Region + Stars, data = mldata, reflevel = "Base") 

summary(mlmodel2) 

cbind(data.frame(exp(mlmodel2$coefficients)),exp(confint(mlmodel2))) 

 

#model assessment using AIC 

mlmodel_intercept <- mlogit(Variable ~ 1, data = mldata, reflevel = "Base") 

summary(mlmodel_intercept) 

AIC(mlmodel_intercept,mlmodel,mlmodel2) 

#mlmodel2 is the best model, according to AIC 

 

#let us see whether all independent variables are significant 

multinom1 <- multinom(Variable ~ Region+CompanySize+Stars,data = mydata1,Hess = TRUE) 

Anova(multinom1) 

#all of them are significant 

 

library(reshape) 

library(reshape2) 

library(ggplot2) 

library(effects) 

 

multinom2 <- multinom(Variable ~ Stars + CompanySize, data = mydata1, Hess = TRUE) 

multinom3 <- multinom(Variable ~ Stars + Region, data = mydata1, Hess = TRUE) 

multinom4 <- multinom(Variable ~ Stars + Region + CompanySize, data = mydata1, Hess = TRUE) 

multinom5 <- multinom(Variable ~ Stars + Level + CompanySize, data = mydata1, Hess = TRUE) 

 

plot(Effect(c("Stars", "CompanySize"),multinom2), style = "stacked", key.args = list(x = 0.5, y = 1.0)) 

plot(Effect(c("Stars", "Region"),multinom3), style = "stacked",key.args = list(x = 0.5, y = 1.0)) 

plot(Effect(c("Stars", "CompanySize", "Region"),multinom4), style = "stacked",key.args = list(x = 0.5, 

y = 1.0)) 

plot(Effect(c("Stars", "CompanySize", "Level"),multinom5), style = "stacked",key.args = list(x = 0.5, y 

= 1.0)) 
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Appendix 10: R Code – Step 3 

#Step 3 

library(lmtest) 

library(car) 

library(mlogit) 

Final_format$Variable<-as.factor(Final_format$Variable) 

Final_format$Level<-as.factor(Final_format$Level) 

Final_format$Region<-as.factor(Final_format$Region) 

Final_format$CompanySize<-as.factor(Final_format$CompanySize) 

 

 

Final_format$Variable <- relevel(Final_format$Variable,ref = "Base") 

Final_format$Level <- relevel(Final_format$Level, ref = "Entry") 

Final_format$Region <- relevel(Final_format$Region, ref = "1") 

Final_format$CompanySize <- relevel(Final_format$CompanySize, ref = "Large") 

 

mydata1 <- Final_format[,c(4,5,8,9,13)] 

 

mldata <- mlogit.data(mydata1,choice = "Variable",shape = "wide") 

 

 

mlmodel <- mlogit(Variable ~ 1 | CompanySize + Region + Stars + Level, data = mldata, reflevel = 

"Base") 

#Getting coefficient, standard error, t-value and p-value from full model 

summary(mlmodel) 

cbind(data.frame(exp(mlmodel$coefficients)),exp(confint(mlmodel))) 

 

mlmodel2 <- mlogit(Variable ~ 1 | CompanySize + Region + Stars, data = mldata, reflevel = "Base") 

#Getting coefficients from nested model, without the "level" variable 

summary(mlmodel2) 
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Appendix 11: R Code – Step 5 

#Step 5 

 

str(Final_format) 

summary(Final_format) 

library(car) 

library(mlogit) 

Final_format$Variable<-as.factor(Final_format$Variable) 

Final_format$Level<-as.factor(Final_format$Level) 

Final_format$Region<-as.factor(Final_format$Region) 

Final_format$CompanySize<-as.factor(Final_format$CompanySize) 

 

 

Final_format$Variable <- relevel(Final_format$Variable,ref = "Base") 

Final_format$Level <- relevel(Final_format$Level, ref = "Entry") 

Final_format$Region <- relevel(Final_format$Region, ref = "1") 

Final_format$CompanySize <- relevel(Final_format$CompanySize, ref = "Large") 

 

mydata1 <- Final_format[,c(4,5,8,9,13)] 

mldata <- mlogit.data(mydata1,choice = "Variable",shape = "wide") 

 

 

mldata$logStars <- log(mldata$Stars)*mldata$Stars 

mlmodel_linearitytest <- mlogit(Variable ~ 1 | CompanySize+Region+Level+Stars+logStars, reflevel = 

"Base",data = mldata) 

mlmodel_linearitytest2 <- mlogit(Variable ~ 1 | Stars+logStars, reflevel = "Base",data = mldata) 

summary(mlmodel_linearitytest) 

summary(mlmodel_linearitytest2)) 
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Appendix 12: R Code – Step 6 

#Step 6 

 

library(car) 

library(nnet) 

library(mlogit) 

Final_format$Variable<-as.factor(Final_format$Variable) 

Final_format$Level<-as.factor(Final_format$Level) 

Final_format$Region<-as.factor(Final_format$Region) 

Final_format$CompanySize<-as.factor(Final_format$CompanySize) 

 

 

Final_format$Variable <- relevel(Final_format$Variable,ref = "Base") 

Final_format$Level <- relevel(Final_format$Level, ref = "Entry") 

Final_format$Region <- relevel(Final_format$Region, ref = "1") 

Final_format$CompanySize <- relevel(Final_format$CompanySize, ref = "Large") 

 

mydata1 <- Final_format[,c(4,5,8,9,13)] 

 

mldata <- mlogit.data(mydata1,choice = "Variable",shape = "wide") 

 

lr_interaction1 <- multinom (Variable ~ CompanySize + Region + Stars*Level, data = mydata1,  

reflevel = "Base", Hess = TRUE) 

Anova(lr_interaction1) 

#not signifant 

lr_interaction2 <- multinom (Variable ~ CompanySize + Level + Stars*Region, data = mydata1,  

reflevel = "Base", Hess = TRUE) 

Anova(lr_interaction2) 

#not significant 

lr_interaction3 <- multinom (Variable ~ Level + Region + Stars*CompanySize, data = mydata1,  

reflevel = "Base", Hess = TRUE) 

Anova(lr_interaction3) 

#SIGNIFICANT 

lr_interaction4 <- multinom (Variable ~ Level + Region*CompanySize + Stars, data = mydata1,  

reflevel = "Base", Hess = TRUE) 

Anova(lr_interaction4) 
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#Not significant 

lr_interaction5 <- multinom (Variable ~ Level*CompanySize + Region + Stars, data = mydata1,  

reflevel = "Base", Hess = TRUE) 

Anova(lr_interaction5) 

#Not significant 

lr_interaction6 <- multinom (Variable ~ CompanySize + Region*Level + Stars, data = mydata1,  

reflevel = "Base", Hess = TRUE) 

Anova(lr_interaction6) 

#Not significant 

 

summary(mydata1) 

lr_all <- multinom(Variable ~ CompanySize + Region + Level + Stars*CompanySize,  

data = mydata1) 

summary(lr_all) 

Anova(lr_all) 

lr_intercept <- multinom(Variable ~ 1, data = mydata1) 

 

anova(lr_all,lr_interaction3,test = "Chisq") 

#THE MODEL WITH INTERACTIN STARS*COMPANYSIZE IS SIGNIFICANTLY  

BETTER THAN MODEL WITHOUT INTERACTIONS 

 

AIC(lr_intercept,lr_all,lr_interaction3) 

 

mlmodel_interaction_CompanySize <- mlogit(Variable ~ 1 | Region + Level + Stars*CompanySize,  

data = mldata, reflevel = "Allowance", Hess = True) 

summary(mlmodel_interaction_CompanySize) 

 

mlmodel <- mlogit(Variable ~ 1 | Region + Level + Stars + CompanySize, data = mldata,  

reflevel = "Allowance", Hess = True) 

summary(mlmodel) 

 

 

cbind(data.frame(exp(mlmodel_interaction_CompanySize$coefficients)), 

exp(confint(mlmodel_interaction_CompanySize))) 

multinom_interaction_CompanySize <- multinom(Variable ~ Region + Level + Stars*CompanySize, 

data = mydata1, Hess = TRUE) 
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vif(multinom_interaction_CompanySize) 

 

multinom_model_Interaction_CompanySize <- multinom(Variable ~ Region + Level + 

Stars*CompanySize, data = mydata1, Hess = TRUE) 

Anova(multinom_model_Interaction_CompanySize) 

multinom_fullmodel <- multinom(Variable ~ Region + Level + Stars*CompanySize, data = mydata1, 

Hess = TRUE) 

Anova(multinom1) 

Anova(multinom_fullmodel) 

AIC(multinom_fullmodel,multinom1,multinom_model_Interaction_CompanySize) 

library(ggplot2) 

library(effects) 

library(reshape2) 

vif(multinom_fullmodel) 

 

plot(Effect(c("Stars", "CompanySize"),multinom_model_Interaction_CompanySize), style = 

"stacked", key.args = list(x = 0.5, y = 1.0)) 

plot(Effect(c("Stars", "Region"),multinom_model_Interaction_CompanySize), style = "stacked", 

key.args = list(x = 0.5, y = 1.0)) 

plot(Effect(c("Stars", "Level"),multinom_model_Interaction_CompanySize), style = "stacked", 

key.args = list(x = 0.5, y = 1.0)) 
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Appendix 13: R Code – Step 7 (Bootstrapping) 

#Step 7 (Bootstrapping) 

 

library(nnet)         

library(boot)        

library(car) 

Final_format$Variable<-as.factor(Final_format$Variable) 

Final_format$Level<-as.factor(Final_format$Level) 

Final_format$Region<-as.factor(Final_format$Region) 

Final_format$CompanySize<-as.factor(Final_format$CompanySize) 

 

 

Final_format$Variable <- relevel(Final_format$Variable,ref = "Base") 

Final_format$Level <- relevel(Final_format$Level, ref = "Entry") 

Final_format$Region <- relevel(Final_format$Region, ref = "1") 

Final_format$CompanySize <- relevel(Final_format$CompanySize, ref = "Large") 

 

 

ml <- Final_format 

ml = ml[,c(4,5,8,9,13)] 

 

names(ml) 

 

bs <- function(formula, data, indices) { 

  d = data[indices,] # allows boot to select sample 

  fit = multinom(formula, data=d, maxit=1000, trace=FALSE) 

   

  estimates <- coef(fit) 

  return(t(estimates)) 

} 

 

library(parallel) 

cl <- makeCluster(2) 

clusterExport(cl, "multinom") 

 

# 10000 replications 
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set.seed(1984) 

 

results <- boot( 

  data=ml, statistic=bs, R=10000, parallel = "snow", ncpus=2,cl=cl, 

  formula=Variable~Region+Level+CompanySize*Stars 

) 

 

subModelNames <- colnames(results$t0) 

varNames <- rownames(results$t0) 

 

results$t0 

 

estNames <- apply(expand.grid(varNames,subModelNames),1,function(x) paste(x,collapse="_")) 

 

estNames 

 

colnames(results$t) <- estNames 

 

 

library(car) 

library(vcd) 

summary(results) 

boot.ci(results, type = "bca", conf =  0.95, index = 1:min(2,length(results$t0))) 

var(results$t0) 

 

confint(results, level=0.95, type="perc")  

confint(results, level=0.90, type="bca") 

 

 

hist(results, legend="separate")   

plot(results, legend="separate")                             

title(main = "Bootstrap", xlab = "Theoretical Quantiles", ylab = "Sample Quantiles") 
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Appendix 14: R Code – Step 7 (Cross-Validation) 

#Step 7 (Cross-Validation) 

 

Final_format$Variable<-as.factor(Final_format$Variable) 

Final_format$Level<-as.factor(Final_format$Level) 

Final_format$Region<-as.factor(Final_format$Region) 

Final_format$CompanySize<-as.factor(Final_format$CompanySize) 

 

 

Final_format$Variable <- relevel(Final_format$Variable,ref = "Base") 

Final_format$Level <- relevel(Final_format$Level, ref = "Entry") 

Final_format$Region <- relevel(Final_format$Region, ref = "1") 

Final_format$CompanySize <- relevel(Final_format$CompanySize, ref = "Large") 

 

mydata1 <- Final_format[,c(4,5,8,9,13)] 

library(nnet) 

lr_all <- multinom(Variable ~ Region + Level + CompanySize*Stars, data = mydata1, reflevel = 

"Base") 

library(e1071) 

library(caret) 

 

ctrl <- trainControl(method = "repeatedcv", number = 10, repeats = 100, savePredictions = TRUE) 

mod_fit <- train(Variable ~ Region + Level + CompanySize*Stars, data = mydata1, 

method="multinom", 

                 trControl = ctrl, tuneLength = 5) 

 

pred = predict(mod_fit, newdata=mydata1) 

confusionMatrix(data=pred, mydata1$Variable) 

 

mod_fit$resample 
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Appendix 15: Individual Analysis-of-Deviance tests – full model + interaction term 

 

Source: R Code – Step 6 (Appendix 12) 

Analysis of Deviance Table (Type II tests)

------------------------------------------------------------------

Response: Variable

LR Chisq df Pr(>Chisq)

CompanySize 40.142 10 1.60E-05 ***

Region 47.07 15 3.59E-05 ***

Stars 40.179 5 1.37E-07 ***

Level 12.928 10 0.2277

Stars:Level 10.501 10 0.3977

LR Chisq df Pr(>Chisq)

CompanySize 37.436 10 4.76E-05 ***

Level 13.639 10 0.1901

Stars 40.179 5 1.37E-07 ***

Region 48.199 15 2.36E-05 ***

Stars:Region 11.744 15 0.6983

LR Chisq df Pr(>Chisq)

Level 13.438 10 0.20022

Region 46.08 15 5.16E-05 ***

Stars 40.179 5 1.37E-07 ***

CompanySize 40.368 10 1.46E-05 ***

Stars:CompanySize 19.96 10 0.02963 *

LR Chisq df Pr(>Chisq)

Level 11.47 10 0.3221

Region 48.199 15 2.36E-05 ***

CompanySize 40.368 10 1.46E-05 ***

Stars 35.213 5 1.36E-06 ***

Region:CompanySize 26.292 30 0.6601

LR Chisq df Pr(>Chisq)

Level 12.928 10 0.2277

CompanySize 40.368 10 1.46E-05 ***

Region 49.211 15 1.62E-05 ***

Stars 40.269 5 1.32E-07 ***

Level:CompanySize 24.753 20 0.211

LR Chisq df Pr(>Chisq)

CompanySize 40.581 10 1.34E-05 ***

Region 48.199 15 2.36E-05 ***

Level 12.928 10 0.2277

Stars 40.336 5 1.28E-07 ***

Region:Level 29.055 30 0.5147

------------------------------------------------------------------

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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Appendix 16: Bootstrap analysis 

 

Source: R code – Step 7 (Bootstrap), Appendix 13 
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Appendix 17: QQ-plot and histogram based on Bootstrap samples 

 

Source: R Code - Step 7 (Boostrap), Appendix 13 
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Appendix 18: Sources of model error 

 

Source: (Fortmann-Roe 2012) 
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Appendix 19: Final predictive model – Equation form 

log (
𝜋𝐴𝑙𝑙𝑜𝑤𝑎𝑛𝑐𝑒

𝜋𝐵𝑎𝑠𝑒
) = 2.28 + (−0.17) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛2 + (−0.77) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛3 + (−1.51) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛4 + 0.31 ∗

𝐿𝑒𝑣𝑒𝑙𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑑 + 0.22 ∗ 𝐿𝑒𝑣𝑒𝑙𝑀𝑖𝑑 + (−0.46) ∗ 𝑆𝑡𝑎𝑟𝑠 + 3.08 ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑀𝑒𝑑𝑖𝑢𝑚 + 6.57 ∗

𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑆𝑚𝑎𝑙𝑙 + (−0.71) ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑀𝑒𝑑𝑖𝑢𝑚 ∗ 𝑆𝑡𝑎𝑟𝑠 + (−1.82) ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑆𝑚𝑎𝑙𝑙 ∗

𝑆𝑡𝑎𝑟𝑠  

 

log (
𝜋𝐶𝑙𝑎𝑟𝑖𝑡𝑦𝐹𝑎𝑖𝑟𝑛𝑒𝑠𝑠

𝜋𝐵𝑎𝑠𝑒
) = 1.98 + (−1.20) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛2 + (−0.51) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛3 + (−1.40) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛4 +

0.23 ∗ 𝐿𝑒𝑣𝑒𝑙𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑑 + 0.04 ∗ 𝐿𝑒𝑣𝑒𝑙𝑀𝑖𝑑 + (−0.50) ∗ 𝑆𝑡𝑎𝑟𝑠 + 2.90 ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑀𝑒𝑑𝑖𝑢𝑚 +

1.15 ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑆𝑚𝑎𝑙𝑙 + (−0.90) ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑀𝑒𝑑𝑖𝑢𝑚 ∗ 𝑆𝑡𝑎𝑟𝑠 + (−0.64) ∗

𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑆𝑚𝑎𝑙𝑙 ∗ 𝑆𝑡𝑎𝑟𝑠  

 

log (
𝜋𝐼𝑛𝑐𝑒𝑛𝑡𝑖𝑣𝑒

𝜋𝐵𝑎𝑠𝑒
) = (−4.37) + (−1.02) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛2 + (−0.15) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛3 + (−0.13) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛4 +

1.43 ∗ 𝐿𝑒𝑣𝑒𝑙𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑑 + 0.33 ∗ 𝐿𝑒𝑣𝑒𝑙𝑀𝑖𝑑 + 0.50 ∗ 𝑆𝑡𝑎𝑟𝑠 + 9.46 ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑀𝑒𝑑𝑖𝑢𝑚 + 7.65 ∗

𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑆𝑚𝑎𝑙𝑙 + (−2.09) ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑀𝑒𝑑𝑖𝑢𝑚 ∗ 𝑆𝑡𝑎𝑟𝑠 + (−1.20) ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑆𝑚𝑎𝑙𝑙 ∗

𝑆𝑡𝑎𝑟𝑠  

 

log (
𝜋𝑀𝑒𝑟𝑖𝑡𝑃𝑎𝑦

𝜋𝐵𝑎𝑠𝑒
) = 2.03 + (−0.79) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛2 + 0.90 ∗ 𝑅𝑒𝑔𝑖𝑜𝑛3 + 0.50 ∗ 𝑅𝑒𝑔𝑖𝑜𝑛4 + 0.23 ∗

𝐿𝑒𝑣𝑒𝑙𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑑 + (−0.20) ∗ 𝐿𝑒𝑣𝑒𝑙𝑀𝑖𝑑 + (−0.76) ∗ 𝑆𝑡𝑎𝑟𝑠 + (−0.02) ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑀𝑒𝑑𝑖𝑢𝑚 +

0.14 ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑆𝑚𝑎𝑙𝑙 + (−0.01) ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑀𝑒𝑑𝑖𝑢𝑚 ∗ 𝑆𝑡𝑎𝑟𝑠 + (−0.12) ∗

𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑆𝑚𝑎𝑙𝑙 ∗ 𝑆𝑡𝑎𝑟𝑠  

 

log (
𝜋𝑆𝑎𝑓𝑒𝑡𝑦𝑊𝑜𝑟𝑘𝐿𝑖𝑓𝑒

𝜋𝐵𝑎𝑠𝑒
) = 2.98 + (−0.18) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛2 + (−0.10) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛3 + (−1.09) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛4 +

0.82 ∗ 𝐿𝑒𝑣𝑒𝑙𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑑 + 0.71 ∗ 𝐿𝑒𝑣𝑒𝑙𝑀𝑖𝑑 + (−0.88) ∗ 𝑆𝑡𝑎𝑟𝑠 + 2.39 ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑀𝑒𝑑𝑖𝑢𝑚 +

6.17 ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑆𝑚𝑎𝑙𝑙 + (−0.66) ∗ (𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑀𝑒𝑑𝑖𝑢𝑚 ∗ 𝑆𝑡𝑎𝑟𝑠) + (−1.76) ∗

(𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑆𝑚𝑎𝑙𝑙 ∗ 𝑆𝑡𝑎𝑟𝑠)  

 

Source: R code – Step 6, appendix 12 
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Appendix 20: Predictive Model (without interaction term) 

 

Source: R code – Step 2, appendix 9 



 

147 

 

Appendix 21: Coefficients with MeritPay as baseline (H2) 

 

Source: R code – Step 1, appendix 8 

 

 

 

 

 

 

 

 

 

 

 

 

 

Coefficients :

Estimate SE t-value Pr(>|t|)

Allowance:(intercept) -0.02459 0.726094 -0.0339 0.972985

Base:(intercept) -2.82443 0.877117 -3.2201 0.001281 **

ClarityFairness:(intercept) -0.53034 0.90541 -0.5857 0.558047

Incentive:(intercept) -1.14479 0.956951 -1.1963 0.231586

SafetyWorkLife:(intercept) 1.191108 0.713127 1.6703 0.094868 .

Allowance:Stars 0.177114 0.177741 0.9965 0.319021

Base:Stars 0.849405 0.205667 4.13 3.63E-05 ***

ClarityFairness:Stars 0.035892 0.223247 0.1608 0.87227

Incentive:Stars 0.194668 0.232057 0.8389 0.401536

SafetyWorkLife:Stars -0.24206 0.179937 -1.3453 0.178537

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Log-Likelihood: -758.41

McFadden R^2:  0.026377 

Likelihood ratio test : chisq = 41.093 (p.value = 8.9849e-08)
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Appendix 22: Coefficients with Allowance as baseline (H3) 

 

Source: R code – Step 1, appendix 8 

 

 

 

 

 

 

 

 

 

 

 

 

 

Coefficients :

Estimate SE t-value Pr(>|t|)

Base:(intercept) -2.79984 0.794648 -3.5234 0.000426 ***

ClarityFairness:(intercept) -0.50575 0.837491 -0.6039 0.545919

Incentive:(intercept) -1.1202 0.890651 -1.2577 0.20849

MeritPay:(intercept) 0.024589 0.726094 0.0339 0.972985

SafetyWorkLife:(intercept) 1.215697 0.630121 1.9293 0.053693 .

Base:Stars 0.672291 0.182146 3.6909 0.000223 ***

ClarityFairness:Stars -0.14122 0.204627 -0.6901 0.490104

Incentive:Stars 0.017554 0.213606 0.0822 0.934506

MeritPay:Stars -0.17711 0.177741 -0.9965 0.319022

SafetyWorkLife:Stars -0.41918 0.157664 -2.6587 0.007845 **

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Log-Likelihood: -758.41

McFadden R^2:  0.026377 

Likelihood ratio test : chisq = 41.093 (p.value = 8.9849e-08)
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Appendix 23: Coefficients with SafetyWorkLife as baseline (H4) 

 

Source: R code – Step 1, appendix 8 

 

 

 

 

 

 

 

 

 

 

 

 

 

Coefficients :

Estimate SE t-value Pr(>|t|)

Allowance:(intercept) -1.2157 0.63012 -1.9293 0.053693 .

Base:(intercept) -4.01553 0.81133 -4.9493 7.45E-07 ***

ClarityFairness:(intercept) -1.72145 0.82756 -2.0801 0.037513 *

Incentive:(intercept) -2.33589 0.88667 -2.6345 0.008427 **

MeritPay:(intercept) -1.19111 0.71313 -1.6703 0.094868 .

Allowance:Stars 0.41918 0.15766 2.6587 0.007845 **

Base:Stars 1.09147 0.19167 5.6946 1.24E-08 ***

ClarityFairness:Stars 0.27796 0.20687 1.3436 0.179072

Incentive:Stars 0.43673 0.21715 2.0112 0.044303 *

MeritPay:Stars 0.24206 0.17994 1.3453 0.178537

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Log-Likelihood: -758.41

McFadden R^2:  0.026377 

Likelihood ratio test : chisq = 41.093 (p.value = 8.9849e-08)



 

150 

 

Appendix 24: Analysis of deviance table from a binary logistic regression with the outcome variable 

consisting of two categories: ClarityFairness and a category encompassing all other categories (H6) 

 

Source: R code – Testing H6 and H7, appendix 30 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Analysis of Deviance Table (Type II tests)

Response: Variable

LR Chisq Df Pr(>Chisq)

Stars 0.80179 1 0.3706

----------------------------------------------

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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Appendix 25: Univariable multinomial logistic regression with CompanySize as the only independent 

variable and Small as baseline category. Incentive as baseline category for outcome variable (H7) 

 

Source: R code – Testing H6 and H7, appendix 30 

 

 

 

 

 

 

 

 

 

 

Coefficients :

Estimate SE t-value Pr(>|t|)

Allowance:(intercept) 1.68354 0.30201 5.5745 2.48E-08 ***

Base:(intercept) 1.75254 0.30043 5.8335 5.43E-09 ***

ClarityFairness:(intercept) 0.80234 0.33378 2.4038 0.016224 *

MeritPay:(intercept) 0.9904 0.3248 3.0493 0.002294 **

SafetyWorkLife:(intercept) 1.38629 0.31009 4.4707 7.80E-06 ***

Allowance:CompanySizeMedium -0.48729 0.43748 -1.1139 0.265337

Base:CompanySizeMedium -0.57982 0.43702 -1.3267 0.184595

ClarityFairness:CompanySizeMedium -1.06471 0.53696 -1.9828 0.047386 *

MeritPay:CompanySizeMedium -0.55961 0.4821 -1.1608 0.245728

SafetyWorkLife:CompanySizeMedium -0.90672 0.46978 -1.9301 0.053597 .

Allowance:CompanySizeSmall -3.0053 0.63865 -4.7057 2.53E-06 ***

Base:CompanySizeSmall -2.26336 0.51772 -4.3718 1.23E-05 ***

ClarityFairness:CompanySizeSmall -3.51035 1.08539 -3.2342 0.00122 **

MeritPay:CompanySizeSmall -2.31215 0.64974 -3.5586 0.000373 ***

SafetyWorkLife:CompanySizeSmall -2.70805 0.64251 -4.2148 2.50E-05 ***

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Log-Likelihood: -759.12

McFadden R^2:  0.025468 

Likelihood ratio test : chisq = 39.678 (p.value = 1.9309e-05)



 

152 

 

Appendix 26: Univariable multinomial logistic regression with CompanySize as the only independent 

variable and Large as baseline category. Incentive as baseline category for outcome variable (H7) 

 

Source: R code – Testing H6 and H7, appendix 30 

 

 

 

 

 

 

 

 

 

 

Coefficients :

                                  Estimate Std. Error t-value  Pr(>|t|)    

Allowance:(intercept)             -1.32176    0.56273 -2.3488 0.0188329 *  

Base:(intercept)                  -0.51083    0.42164 -1.2115 0.2256926    

ClarityFairness:(intercept)       -2.70801    1.03280 -2.6220 0.0087411 ** 

MeritPay:(intercept)              -1.32176    0.56273 -2.3488 0.0188329 *  

SafetyWorkLife:(intercept)        -1.32176    0.56273 -2.3488 0.0188329 *  

Allowance:CompanySizeMedium        2.51801    0.64564  3.9000 9.618e-05 ***

Base:CompanySizeMedium             1.68355    0.52774  3.1901 0.0014222 ** 

ClarityFairness:CompanySizeMedium  2.44564    1.11516  2.1931 0.0283016 *  

MeritPay:CompanySizeMedium         1.75254    0.66603  2.6313 0.0085049 ** 

SafetyWorkLife:CompanySizeMedium   1.80133    0.66424  2.7119 0.0066902 ** 

Allowance:CompanySizeLarge         3.00530    0.63865  4.7057 2.530e-06 ***

Base:CompanySizeLarge              2.26336    0.51772  4.3718 1.232e-05 ***

ClarityFairness:CompanySizeLarge   3.51035    1.08539  3.2342 0.0012199 ** 

MeritPay:CompanySizeLarge          2.31215    0.64974  3.5586 0.0003729 ***

SafetyWorkLife:CompanySizeLarge    2.70805    0.64251  4.2148 2.500e-05 ***

---

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Log-Likelihood: -759.12

McFadden R^2:  0.025468 

Likelihood ratio test : chisq = 39.678 (p.value = 1.9309e-05)
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Appendix 27: Review of further findings 

The share of consultants highlighting Allowance as the best aspect of their total compensation seems 

to be greater in large and medium-sized consultancies, relative to small. Statistically, the difference 

between the relative prominence of Allowance between Medium- and small-sized consultancies is 

significant (p-value: 0.0308*). The same is true between large- and small-sized consultancies, 

although the difference in prominence is not significant at the conventional 5% threshold (p-value: 

0.0572). For large companies, the probability that consultants highlight Base is greater than the 

probability for any other category, bar Allowance. The same is true for Allowance (in large 

companies), except when compared to SafetyWorkLife, which is not significantly different from 

Allowance in terms of relative probability. 

Furthermore, the individual associations between independent variables and the outcome variable 

impact each other once combined into a multiple regression model. Looking at the three statistically 

significant independent variables, Stars, CompanySize and Region, together in a multinomial logistic 

regression, we do receive some insights into how associations looked at through isolated univariable 

analyses sometimes fail to illuminate big differences between subgroups of the sample.  

The figure at the bottom of this appendix illustrates that, to give an example, the significant uptick in 

the prominence of Incentive found in small-sized companies is not evenly distributed across the four 

regions. Another pattern visible in the figure is MeritPay’s relatively greater prominence in medium 

and large companies, which are based in either region 3 or 4. It is also visibly apparent that small 

companies, regardless 

Investigating the effects of multiple independent variables simultaneously allow us to achieve even 

greater granularity when making predictions. To give an example, the probability that an entry-level 

consultant from a medium-sized firm, based in region 1, chooses Allowance over Incentive, is greater 

for any possible satisfaction rating. If the same consultant had had the highest surveyed level of 

seniority (experienced), the probability that he/she would highlight Allowance over Incentive eclipses 

the probability that he/she would highlight Incentive over Allowance once his/her satisfaction rating 

surpasses 2.0, as the following  calculation shows (see appendix 29 for coefficients)22: 

log (
𝜋𝐼𝑛𝑐𝑒𝑛𝑡𝑖𝑣𝑒

𝜋𝐴𝑙𝑙𝑜𝑤𝑎𝑛𝑐𝑒
) = (−6.65042) + (1.18673 ∗ 𝐿𝑒𝑣𝑒𝑙𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑑) + (0.956841 ∗ 𝑆𝑡𝑎𝑟𝑠) +

(6.379867 ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑀𝑒𝑑𝑖𝑢𝑚) + ((−1.38559) ∗ 𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑆𝑖𝑧𝑒𝑀𝑒𝑑𝑖𝑢𝑚 ∗ 𝑆𝑡𝑎𝑟𝑠) =

(−6.65042) + (1.18673 ∗ 1) + (0.956841 ∗ 2) + (6.379867 ∗ 1) + ((−1.38559) ∗ 1 ∗ 2) =

−0.00939  

                                                 
22 Dummy variables that, in this case, is multiplied by zero, is left out of the equation. See all variables in Appendix 29 
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𝑂𝑅 = 𝑒−0.00939 = 0.990658  

In other words, the predictive model is a tool that allows us to further investigate different sub-groups 

of our data sample, in order to look for distinguishing characteristics. Consequently, the predictive 

model increases our understanding of the impact that the independent variables yield, not only on the 

outcome variable, but also on each other. In sum, the predictive model provides practitioners with an 

instrument that permits a greater level of customization of employees’ individual compensation and 

reward schemes, to the benefit of both employees (higher levels of satisfaction) and employers 

(greater work effort from employees). 

 

Source: R code – Step 2, Appendix 9 
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Appendix 28: Percentage of respondents, divided between regions 

 

Source: R Code - step 1, appendix 8 
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Appendix 29: Final predictive model with allowances as baseline 

 

Source: R Code - step 6, appendix 12 

Beta SE Pr(>|t|)

Base vs. Allowance

Base:(intercept) -2.28 1.19 0.05 .

Base:Region2 0.17 0.55 0.76

Base:Region3 0.77 0.55 0.16

Base:Region4 1.51 0.66 0.02 *

Base:LevelExperienced -0.31 0.37 0.41

Base:LevelMid -0.22 0.32 0.50

Base:Stars 0.46 0.24 0.06 .

Base:CompanySizeMedium -3.08 1.82 0.09 .

Base:CompanySizeSmall -6.57 4.37 0.13

Base:Stars:CompanySizeMedium 0.71 0.42 0.09 .

Base:Stars:CompanySizeSmall 1.82 1.11 0.10 .

ClarityFairness vs. Allowance

ClarityFairness:(intercept) -0.30 1.33 0.82

ClarityFairness:Region2 -1.03 0.71 0.15

ClarityFairness:Region3 0.27 0.66 0.68

ClarityFairness:Region4 0.11 0.83 0.90

ClarityFairness:LevelExperienced -0.08 0.50 0.88

ClarityFairness:LevelMid -0.18 0.45 0.70

ClarityFairness:Stars -0.04 0.27 0.88

ClarityFairness:CompanySizeMedium -0.18 1.79 0.92

ClarityFairness:CompanySizeSmall -5.42 6.82 0.43

ClarityFairness:Stars:CompanySizeMedium -0.19 0.45 0.67

ClarityFairness:Stars:CompanySizeSmall 1.18 1.72 0.49

Incentive vs. Allowance

Incentive:(intercept) -6.65 2.71 0.01 *

Incentive:Region2 -0.84 0.96 0.38

Incentive:Region3 0.62 0.85 0.47

Incentive:Region4 1.38 0.95 0.15

Incentive:LevelExperienced 1.12 0.54 0.04 *

Incentive:LevelMid 0.11 0.51 0.83

Incentive:Stars 0.96 0.56 0.09 .

Incentive:CompanySizeMedium 6.38 2.85 0.03 *

Incentive:CompanySizeSmall 1.09 4.42 0.81

Incentive:Stars:CompanySizeMedium -1.39 0.65 0.03 *

Incentive:Stars:CompanySizeSmall 0.63 1.11 0.57

MeritPay vs. Allowance

MeritPay:(intercept) -0.26 1.30 0.84

MeritPay:Region2 -0.62 0.92 0.50

MeritPay:Region3 1.68 0.81 0.04 *

MeritPay:Region4 2.01 0.91 0.03 *

MeritPay:LevelExperienced -0.08 0.45 0.86

MeritPay:LevelMid -0.42 0.40 0.30

MeritPay:Stars -0.30 0.25 0.22

MeritPay:CompanySizeMedium -3.10 1.67 0.06 .

MeritPay:CompanySizeSmall -6.43 4.48 0.15

MeritPay:Stars:CompanySizeMedium 0.70 0.41 0.09 .

MeritPay:Stars:CompanySizeSmall 1.70 1.15 0.14

SafetyWorkLife vs. Allowance

SafetyWorkLife:(intercept) 0.70 1.12 0.53

SafetyWorkLife:Region2 -0.01 0.66 0.99

SafetyWorkLife:Region3 0.68 0.64 0.29

SafetyWorkLife:Region4 0.42 0.80 0.60

SafetyWorkLife:LevelExperienced 0.52 0.43 0.23

SafetyWorkLife:LevelMid 0.49 0.38 0.20

SafetyWorkLife:Stars -0.42 0.22 0.06 .

SafetyWorkLife:CompanySizeMedium -0.69 1.41 0.62

SafetyWorkLife:CompanySizeSmall -0.40 3.76 0.92

SafetyWorkLife:Stars:CompanySizeMedium 0.05 0.36 0.89

SafetyWorkLife:Stars:CompanySizeSmall 0.06 1.06 0.95

--------------------------------------------------------------

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Log-Likelihood: -696.07

McFadden R^2:  0.1064 

Likelihood ratio test : chisq = 165.77 (p.value = 2.5125e-14)***
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Appendix 30: R Code – Testing H6+H7 

#Using a data sample in which the outcome variable categories have been grouped together, thus only 

consisting of allowance and a category that contains all other variables 

 

library(car) 

library(mlogit) 

library(nnet) 

library(effects) 

Final_format$Variable<-as.factor(Final_format$Variable) 

Final_format$Level<-as.factor(Final_format$Level) 

Final_format$Region<-as.factor(Final_format$Region) 

Final_format$CompanySize<-as.factor(Final_format$CompanySize) 

 

Final_format$Variable <- relevel(Final_format$Variable,ref = "Allowance") 

Final_format$Level <- relevel(Final_format$Level, ref = "Entry") 

Final_format$Region <- relevel(Final_format$Region, ref = "1") 

Final_format$CompanySize <- relevel(Final_format$CompanySize, ref = "Large") 

 

glm_allowance <- glm(Variable ~ CompanySize, data = Final_format, family = binomial(link = logit)) 

summary(glm_allowance) 

Anova(glm_allowance) 

plot(Effect(c("CompanySize"),glm_allowance), style = "stacked", key.args = list(x = 0.5, y = 1.0)) 

 

#Using a data sample in which the outcome variable categories have been grouped together, thus only 

consisting of 

#ClarityFairness and a category that contains all other variables 

 

Final_format$Variable <- relevel(Final_format$Variable,ref = "ClarityFairness") 

 

glm_ClarityFairness <- glm(Variable ~ Stars, data = Final_format, family = binomial(link = logit)) 

summary(glm_ClarityFairness) 

Anova(glm_ClarityFairness) 

plot(Effect(c("Stars"),glm_ClarityFairness), style = "stacked", key.args = list(x = 0.5, y = 1.0)) 
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