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ABSTRACT 
We examine the role of marketing within the financial services sector by conducting 

three empirical examinations that involve pricing, sales force compensation, and 

targeting/positioning. Beginning with the first essay, we examine the profit implications of risk-

based pricing, using the context of indirect lending, which involves a lender, sales agent, and 

customer. To account for the decisions made by each of these stakeholders, we develop a three-

stage choice model that allows us to quantify the impact of various factors on each of these 

decisions. Using the estimates from this model, we optimize the customer rate and agent 

incentive for each risk segment, determining that risk-based pricing increases lender profitability 

by 26%. In the second essay, we examine the behaviour of external sales forces, again using the 

context of indirect lending. We find that commission impacts both the demand allocation and 

pricing decisions made by external sales forces, albeit to a larger extent for the pricing decision. 

Given the impact of commission on these decisions, we optimize the commission rate for each 

price on the focal lender’s menu of prices, finding that commission should exponentially increase 

with price to alleviate moral hazard concerns that arise when external sales agents select the 

lowest price to secure a sale. Optimizing commission in this way has a substantial impact on 

profitability, increasing return on adjusted capital by 1.33 percentage points. Finally, in essay 

three, we examine the motivational drivers behind customers’ decisions to use financial advisor 

services. A latent class choice model reveals two segments that differ in two important ways with 

respect to their motivations for seeking financial advice. First, although higher levels of trust, 

self-efficacy, and risk tolerance increase the probability of using financial advisor services for 

both segments, albeit to a larger extent for segment 1, personality only impacts segment 1. 

Second, we find that segment 1 is motivated by the extent of positive attitudes towards financial 
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advisors (i.e. promotion focus) while segment two focuses on negative attitudes (i.e. prevention 

focus). Collectively, these essays increase our understanding of the role of marketing within the 

financial services sector, answering research questions that have gone unanswered by academics 

and providing practitioners with tools to improve marketing effectiveness. 

 

Keywords: Price Discrimination, Price Optimization, Consumer Credit, Risk-Based Pricing,  

Financial Services, Sales Incentives, Sales Force Compensation, Sales Force Pricing 

Delegation, Consumer Lending, Financial Advisors, Consumer Heterogeneity, 

Latent Class Choice Model 
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CHAPTER 1: INTRODUCTION 
The financial services sector is responsible for the management of money through a 

broad spectrum of organizations, including commercial banks, investment banks, insurance 

companies, and brokerage companies. While each of these organizations provide different 

services related to money management, the core function of the financial services sector is to 

efficiently redistribute funds from individuals with excess funds (i.e. savers) to those in need of 

funds (i.e. borrowers), thereby increasing the productivity of money. For example, commercial 

banks accept deposits from clients and lend the deposited funds to other clients in the form of 

corporate and personal loans. Similarly, investment banks facilitate the transferring of funds 

from the public to corporations through the sale of corporate stock and bonds.  

By engaging in this activity, financial service organizations play a pivotal role in 

promoting a strong economy, as indicated by both the direct and indirect impact that the financial 

services sector has on Gross Domestic Product (GDP) and employment. From a direct 

perspective, the sector accounts for 6.8% of Canadian GDP and 4.4% of Canadian employment, 

providing 791,000 Canadians with jobs (The Conference Board of Canada 2016). More 

important, the sector’s share of GDP and employment has grown more than most other industries 

over the last decade (The Conference Board of Canada 2016), suggesting that the industry will 

play an increasingly important role in facilitating economic prosperity going forward. In addition 

to these direct benefits, the sector also promotes economic growth indirectly by providing 

organizations and individuals access to capital. From a corporate standpoint, the financial 

services sector decreases the cost and risk associated with producing goods and services by 

providing corporations efficient access to capital, which increases corporate investment and 

consequently the standard of living within a country (Herring and Santomero 1995). Moreover, 
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from an individual standpoint, access to capital is important since it allows people to smooth out 

cashflows over their lifetime, thus enabling a healthier level of consumer spending (e.g. purchase 

of a vehicle or house) and consequently higher GDP within a country.  

 Given the critical role that this industry plays in ensuring a well-functioning economy, 

the goal of this thesis is to understand the role of marketing within the financial services sector 

by utilizing big data and modeling techniques to explore how marketing tools – including 

pricing, sales force compensation, and positioning/targeting – can impact the success of firms 

within this sector. Specifically, this thesis involves three essays. The first essay focuses on risk-

based pricing with the aim of understanding the impact of pricing strategies within the context of 

indirect lending for consumer credit. The second essay, which also uses the indirect lending for 

consumer credit context, studies the impact of sales force compensation on external sales force 

behaviour, focusing on the impact of commission on demand allocation and pricing decisions 

made by external sales representatives. Finally, the third essay focuses on positioning and 

targeting, drawing on psychological theories to understand the motivational drivers that underlie 

customers’ decisions to seek financial advice while accounting for customer heterogeneity. Next, 

we briefly discuss each of these three essays by highlighting the literature, the gaps in the 

literature that we aim to fill, our empirical approach, and our intended contributions for each. 

 Beginning with Essay 1, there are a limited number of research articles that examine 

consumer credit pricing (Phillips 2013) and, due to the difficulty in obtaining financial data that 

is required for empirical investigations (Getter 2006), most of the literature takes an 

analytical/theoretical approach. These analytical/theoretical studies highlight important aspects 

of consumer credit pricing models, including the trade-off that exists when lenders alter interest 

rates. Specifically, if lenders increase the interest rate on a loan, the probability that the loan will 
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be accepted by the customer decreases (i.e. response risk) but the profitability of the loan 

increases if it is accepted by the customer. While accounting for this trade-off is important, 

response risk should also be allowed to vary by individual or segment since high-risk individuals 

are expected to have lower price sensitivity than low-risk individuals (Phillips 2013). In addition 

to response risk, the literature highlights the importance of accounting for default risk, which 

increases with the risk profile of the customer (Edelberg 2006) and is costly to the lender. Taken 

together, these factors suggest that lenders should be able to increase profitability by charging 

higher interest rates to high-risk customers and lower interest rates to low-risk customers (i.e. 

risk-based pricing); however, this is an empirical question that has not been fully examined in the 

academic literature. 

The empirical literature related to risk-based pricing is limited to two focal studies. In the 

first of these studies, Einav, Jenkins, and Levin (2013) examine the impact of a risk-based 

approach to consumer credit; however, rather than optimize price by customer risk, the authors 

optimize the loan amount and down payment as a function of customer risk. The results of this 

study suggest that lenders can increase profitability by increasing (decreasing) the down payment 

and by decreasing (increasing) the loan amount for riskier (less risky) customers, thus providing 

initial support for a risk-based approach to consumer credit. Even still, this study does not 

directly examine the potential for varying prices by customer risk (i.e. risk-based pricing). On the 

other hand, Phillips, Şimşek, and Van Ryzin (2015) focus on examining the impact of risk-based 

pricing within the context of indirect lending, which involves a lender who issues loans to 

customers through an independent agent. The results of their study indicate that optimizing 

prices using a risk-based approach increases lender profitability; however, the model 

specification does not explicitly account for the decisions made by the lender or agent, instead 
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focusing solely on the decision made by the customer. Thus, while there is initial support for 

risk-based pricing, there is a need for further empirical investigations that assess the impact of 

varying price by customer risk, while accounting for each of the three decision makers that are 

involved in the indirect lending framework, in order to provide more robust pricing 

recommendations and, consequently, a more accurate assessment of the profit implications of 

risk-based pricing.   

To fill this research gap, the investigation in Essay 1 of this thesis aims to provide 

empirical evidence for the profit implications of risk-based pricing while assessing the factors 

that impact each of the three decision makers that are involved in the indirect lending context. 

Specifically, we answer the following research questions. 

1. What factors drive the decisions made by the stakeholders that are involved in the indirect 

lending framework (i.e. lender, agent, and customer decisions)? 

2. Given the impact of these factors on each of the three decisions, is risk-based pricing the 

optimal pricing strategy? And, if so, by how much does implementation of risk-based 

pricing increase lender profitability?   

We answer these two research questions using a dataset that was provided by a large North 

American indirect lender that issues auto loans to customers through independent auto dealership 

agents using the following process. First, the independent agent collects loan applicant 

information and obtains customer permission for a credit score inquiry. Then, the independent 

agent selects a lender to send the loan application to as well as a pricing option from the selected 

lender’s rate sheet (i.e. menu of prices), where each pricing option corresponds to a commission 

that will be paid by the lender to the independent agent if the loan is booked. After completing 

these activities, the independent agent submits the customer information, along with the selected 
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pricing option, to the lender of its choice using an online portal system. The application then 

enters the selected lender’s adjudication process, which involves an assessment of customer risk 

and, ultimately, the lender approval decision. If the lender approves the loan application, the 

agent puts forward the loan offer to the customer, including the price that the agent selected from 

the lender provided rate sheet, which is either accepted or rejected by the customer without a 

price negotiation.  

The dataset provided by the lender captures this indirect lending framework and includes 

73,579 loan applications that were submitted to the focal lender between the months of June and 

December of 2015. Although the dataset provides full details for the loans that were submitted to 

the focal lender, it does not include details for loan applications that were submitted to the 

competition. Instead, the focal lender provided us with the average customer rate and average 

commission that was paid by the competition to the agents during the time of the dataset.  

Using this dataset, our empirical analysis is based on the following approach. First, we 

develop a three-stage choice model that captures the key decisions made within the indirect 

lending framework, including (1) the agent’s choice between the discrete combinations of 

interest rates and incentives from the menu of prices (i.e. rate sheet) that are made available by 

the lender for offer to the customer, (2) the lender’s decision to approve or not approve a loan 

application, and (3) the customer’s decision to accept or reject a loan offer. Second, we estimate 

the parameters of the three-stage choice model using the loan applications that were submitted to 

the focal lender. Third, using the parameter estimates from the three-stage choice model, we run 

an optimization, assuming that the lender can implement risk-based pricing by setting a single 

optimized interest rate and agent incentive for each customer risk segment. In addition to this 

optimized pricing option from the focal lender, we assume that the agent has an outside option 
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from the competition, which we set equal to the average interest rate and commission offered by 

the competition at the time of the dataset. Fourth, after running the optimization, we compare the 

optimized profits to current profits in order to assess the impact of price discrimination based on 

customer risk.  

 Taking this approach, our intended contribution in Essay 1 is threefold: First, this 

research is the first to develop an empirical consumer credit model that explicitly accounts for 

each of the three decision makers that are involved in the indirect lending context. Instead, 

previous research assesses the impact of risk-based pricing using models that only account for 

the customer’s decision to accept or reject a loan offer, thus ignoring the decisions made by the 

lender and the agent. Second, by modeling the consumer credit pricing problem in this way, we 

aim to provide empirical insight into the behaviour of each of the three decision makers that are 

involved in the indirect lending context in order to understand the impact of various factors on 

each of the stakeholder’s decisions, rather than solely focusing on the factors that impact the 

customer. Third, by explicitly accounting for the decision made by the agent, we are not only 

able to optimize the customer rate by risk class but we are also able to optimize the agent 

incentive by risk class, thus allowing for more robust pricing recommendations and a more 

accurate account of the impact of risk-based pricing on lender profitability. 

Regarding Essay 2, the sales force compensation literature primarily focuses on studying 

the behaviour of internal sales forces, which are employed by the focal organization, providing 

little insight into the behaviour of sales forces that are external to the firm and employed by other 

organizations (e.g. brokers and representative firms). This results in two major issues that are not 

addressed by the current literature. First, external sales representatives often represent multiple 

providers that offer substitute products and services, thus requiring providers to compete for 
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external sales personnel’s selling efforts, primarily through sales force compensation decisions. 

Understanding how the compensation decision impacts the demand allocation decision made by 

external sales representatives is an empirical question that has yet to be answered by academics. 

Second, due to providers’ distance from customers and external sales representatives’ close 

proximity to customers, pricing is often delegated to the external sales force, thus highlighting 

the interaction between pricing and incentive decisions, which is not a focal area of study in the 

sales force compensation literature.  

To fill this gap in the literature, the second essay in this thesis aims to examine the 

behaviour of external sales representatives, focusing on the impact of incentives on demand 

allocation and pricing decisions made by external sales forces while accounting for competing 

provider incentive strategies. Specifically, we answer the following research questions. 

1. How do external salespeople that represent competing providers selling substitute 

goods/services decide to allocate customer demand? Specifically, to what extent do 

incentives determine the provider that is selected by the external salesperson?  

2. How do external sales representatives that have been delegated pricing authority make 

their pricing decision? Do external sales agents simultaneously compare the pricing 

options (i.e. price and agent incentive combinations) that are available from multiple 

providers? Or do they use a sequential process, whereby they first select a provider and 

then select a specific pricing option from the selected provider’s pricing menu? 

3. Can incentives be used to align principal (i.e. lender) and agent (i.e. external sales 

representative) goals when it comes to the pricing decision? In other words, can adjusting 

incentives change external sales representatives’ pricing decisions in a direction that 

increases lender profitability? If so, how does the optimal commission vary as a function 
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of prices on the pricing menu (i.e. is the optimal commission linear in price, exponential 

in price, or some other function of price)? 

We answer these three research questions using another dataset from the same indirect lender in 

Essay 1; however, this dataset differs in two important ways. First, the dataset for Essay 2 is 

much larger and covers a longer period of time; it includes 589,714 loan applications that were 

submitted to the focal lender between December 2016 and August 2018. Second, although we do 

not have access to loan applications that were submitted to the competition, we do have access to 

the competition’s monthly rate sheets (i.e. pricing menus) as well as industry statistics, including 

the total count of loan applications that were submitted to the competition in each region by 

month. This additional information allows us to simulate a dataset for loan applications that were 

submitted to the focal lender’s competition. To do so, we sample from the main dataset (with 

replacement), specifying the size of the sample in accordance with the number of applications 

that were submitted to the competition in each region by month. After this, we append the 

competitor rate sheet options to the sampled observations to create a simulated dataset of 

2,659,086 loan applications, which represent the loan applications that were submitted to the 

competition from December 2016 to August 2018. 

Using the actual and simulated data, we answer the aforementioned research questions 

using the following approach. First, we develop a three-stage model of choice, within the context 

of indirect lending, which involves the 1) external sales agent who decides which provider to 

allocate demand to and which price from the selected provider’s menu of prices to offer the 

customer, 2) the lender who decides the incentive strategy and whether to approve the loan 

application, and 3) the customer who decides to accept or reject the loan offer. Then, we use the 

estimation results from this model to not only provide insight into external sales force behaviour 



 9 

but also provide the inputs that are needed for the optimization, which involves optimizing the 

commission rate for each of the discrete pricing options on the focal lender’s pricing menu while 

accounting for the incentive strategy used by the competition. We then compare the predicted 

behaviour of the external sales agents under the current and optimized incentive plans to assess 

the impact of optimal commissions on external sales force behaviour, and ultimately, lender 

profit and market share.  

 Using this approach to answer these research questions, our intended contribution is 

threefold: First, to the best of our knowledge, this research is the first to empirically examine the 

behaviour of external sales agents, which are often used in practice but are not studied by 

academics, who instead focus on examining the behaviour of internal sales representatives. 

Second, by focusing on external sales forces, we aim to provide insight into the decision-making 

process that is involved when external sales agents allocate demand to the various providers that 

they represent, focusing on how commission impacts the demand allocation decision made by 

external sales forces. Third, this article aims to bridge the sales force compensation and sales 

force pricing delegation literatures by examining how sales force incentives impact the pricing 

decisions made by external sales forces, focusing on how commission should vary as a function 

of price.  

With respect to Essay 3, the financial advice literature is vast and provides a clear 

description of the people that utilize the services of financial advisors; however, there is still a 

need for examinations regarding the motivations that impact a person’s decision to use the 

services of financial advisors. Specifically, the literature suggests that individuals that use the 

services of financial advisors are older (e.g. Bhattacharya et al. 2012; Bluethgen et al. 2008; 

Karabulut 2013), wealthier (Hackethal, Haliassos, and Jappelli 2012; Hung and Yoong 2010; 
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Montmarquette and Viennot-Briot 2012), and more financially literate (e.g. Bhattacharya et al. 

2012; Marsden, Zick, and Mayer 2011; Montmarquette and Viennot-Briot 2012), which 

highlights the importance of increasing the uptake of financial advisor services since those that 

need the most assistance from advisors (i.e. younger, less wealthy, and less financially literate 

individuals) are the least likely to use their services. In order to address this concern, and 

increase the uptake of financial advice, it is important to understand the motivational drivers for 

the financial advice decision by focusing on psychographic and behavioural factors that impact 

this customer choice. Additionally, why people seek advice and whether they apply the advice 

they receive depends on many individual factors (Mitchell and Smetters 2013) that likely vary by 

individual or segment, which highlights the importance of accounting for customer heterogeneity 

when modeling the financial advice decision. Given this, there is a need for studies that examine 

the impact of psychological and behavioural factors on the financial advice decision while also 

accounting for investor heterogeneity. 

The examination in Essay 3 aims to fill this research gap by examining the motivational 

drivers behind the decision to use financial advice, while accounting for customer heterogeneity, 

with the goal of increasing demand for these services through the use of customized marketing 

communication. Specifically, we are interested in answering the following research questions.  

1. What are the motivational drivers that impact a person’s decision to use financial 

advisory services and how do these factors differ by segment? 

2. How can marketers identify these segments using readily available customer information? 

And, once identified, how can marketers target these segments through customized 

marketing communication in order to increase the uptake of financial advice? 
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We answer these research questions by 1) using data collected from a large-scale survey and a 

latent class choice model that models the customer’s decision to use a financial advisor as a 

function of psychographic and behavioural factors, while accounting for customer heterogeneity 

by permitting the parameters to vary by the latent segments and 2) developing a classification 

algorithm to classify potential financial advice users into the uncovered latent segments, using 

readily available customer information.  

By answering these research questions using this empirical approach, we aim to 

contribute in the following ways: First, this research is the first to uncover the latent segments 

that underly the retail investment market. Second, this research is the first to uncover the 

motivations behind a person’s decision to seek financial advice, while also accounting for 

customer heterogeneity by allowing the impact of these motivational factors to vary by segment, 

rather than merely describe the characteristics of financial advice users. Third, we develop a 

classification algorithm that allows practitioners to classify potential financial advice users into 

one of the latent segments using readily available customer information, which is a critical first 

step to delivering the customized marketing communication that we recommend.  

In summary, we provide a deeper understanding of marketing’s role within the financial 

services sector, conducting three studies within the contexts of financial advice and indirect 

lending for consumer credit. We accomplish this using an empirical approach that involves big 

data and econometric modeling to examine unanswered research questions related to pricing 

(Essay 1), sales force compensation (Essay 2), and positioning/targeting (Essay 3). Through this 

approach we are able to provide new theoretical insight, thereby contributing to academia, and 

recommendations to improve marketing strategy, thereby contributing to practice.  
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The remainder of this thesis is organized as follows. We begin by presenting Essay 1 – 

“The Impact of Discriminatory Pricing Based on Customer Risk: An Empirical Investigation 

using Indirect Lending through Retail Networks” – which examines the impact of pricing on the 

financial services sector by assessing the profit implications of risk-based pricing within the 

context of indirect lending for consumer credit. Then we present Essay 2 – “Optimizing Pricing 

Delegation to External Sales Forces via Commissions: An Empirical Investigation” – which 

examines the behaviour of external sales forces, focusing on incentive strategy and its impact on 

external sales force demand allocation and pricing decisions, again within the context of indirect 

lending. Then, we present Essay 3 – “The Financial Advice Puzzle: The Role of Consumer 

Heterogeneity in the Advisor Choice” – which examines the psychological and behavioural 

motivators that influence an individual’s decision to take up financial advisor services, while 

examining the role of positioning and targeting in the financial services industry. Finally, we 

conclude this thesis with a brief summary of the results from each of these three studies, relating 

the results back to the contributions of each study.
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Abstract 

Consumer credit, which refers to loans and lines extended to individual consumers, is a 

unique context where lenders customize pricing for individual consumers. One of the pricing 

strategies that has emerged within the consumer credit sector is risk-based pricing, which 

involves the classification of borrowers into consumer risk segments that are each priced 

differently (Magri 2015). In this paper, we investigate the profit implications of risk-based 

pricing in the context of indirect lending. Using individual-level loan data, we build a three-stage 

model of choice that accounts for the (1) agent’s decision to select a loan rate to offer the 

customer from the menu of prices (i.e. rate sheet), (2) lender’s decision to approve or not 

approve a loan application, and (3) the customer’s decision to accept or reject a loan offer. Given 

the estimation results, we optimize the customer rate and agent incentive for each risk segment 

and calculate the expected lift in profits for the lender. The results suggest that implementation of 

risk-based pricing leads to double digit increases in the financial institution’s profits.  

Keywords: Price Discrimination, Price Optimization, Consumer Credit, Risk-Based Pricing,  

                    Financial Services, Sales Incentives  
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1 INTRODUCTION 

Consumer credit, which refers to “loans and lines extended to individual consumers as 

opposed to those extended to businesses or governments” (Phillips 2013, p.g. 361), is an 

important part of the U.S. economy, amounting to $3.979 trillion in the U.S. as of November 

2018 (Board of Governors of the Federal Reserve System 2019).The consumer credit sector, has 

gone through significant change over the last few decades, providing lenders with an opportunity 

to implement new and more nuanced pricing strategies that have the potential to increase profits. 

Specifically, recent technological advances let lenders tailor interest rates according to consumer 

credit quality (i.e. risk-based pricing) rather than offering all approved borrowers the same fixed 

rate (Edelberg 2006; Magri 2015). By charging high-risk customers higher interest rates and low-

risk customers lower interest rates, lenders have the opportunity to increase profits by capturing 

differences in willingness to pay across consumer risk segments and reducing credit rationing. 

Specifically, under fixed rate pricing, lenders reject loan applications from customers with above 

average credit risk due to their higher probability of default (Bostic 2002; Collins, Belsky, and 

Case 2005). Under risk-based pricing, the lender offsets the higher default costs by charging high 

risk customers, who inherently have lower price sensitivity (Phillips 2013), a higher interest rate 

(Edelberg 2006) without concern of losing demand.  

As such, lenders have recently increased their use of risk-based pricing practices (Magri 

2015), yet, the implementation is not without concern. To fully capture the benefits of risk-based 

pricing, lenders should consider not only the differences in cost, but also the differences in 

willingness to pay across risk classes. However, the common industry practice ignores 

differences in willingness to pay (Chun and Lejeune 2016) and solely applies a fixed mark-up to 

the marginal cost of each loan. This is problematic for two reasons. First, if the prices are too 
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high compared to consumers’ willingness to pay then the probability of consumers’ loan offer 

acceptance would decrease significantly. Second, if the prices are too low compared to 

consumers’ willingness to pay, this eats into the lender’s profit margin. In either case, prices are 

not being optimized, highlighting the low adoption rate of pricing optimization systems in the 

financial sector compared to other industries such as the airline industry. 

Empirical research on consumer credit pricing (Edelberg 2006; Phillips 2013) is scant 

primarily due to lack of data at the granularity required to conduct customer-level price 

optimization (Getter 2006). To fill this gap, our primary objective is to determine the impact of 

risk-based pricing on lender profits while accounting for the decisions of the three key 

stakeholders in the industry: the lender, the dealer (i.e. agent) and the customer. Specifically, we 

start with modeling the agent’s choice of loan rate from a select set of rate-incentive 

combinations (i.e. from the rate sheet) that are available to them from each lender. Second, given 

the dealer’s choice, we model the lender’s decision to approve a loan application based on 

customer, product/brand, and loan characteristics. Third, given the lender’s approval of their 

application, we model the customer’s acceptance decision regarding the loan offer. This three-

stage model allows us to determine customer price sensitivities across risk classes and, 

consequently, assess the impact of implementing risk-based pricing. Finally, following the three-

stage estimation, we use dynamic programming to optimize the loan rate and agent incentive by 

risk class to determine the potential lift in profits. 

The results from an empirical application using individual-level loan application and 

approval data from a North American financial institution suggest that 1) the odds of an agent 

selecting a rate sheet option increases by 35.0% (9.1%) for every $100 (10%) increase in 

incentives (probability of customer acceptance), 2) the odds of a lender approving a loan 
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application are 84.9% lower for tier 2 and 94.0% lower for tier 3 borrowers (i.e. riskier 

borrowers) compared to tier 1 borrowers (i.e. less risky borrowers), and 3) on average, the odds 

of a tier 1 customer accepting a loan offer decreases by 62.6% for every 1% increase in the 

customer rate, although this impact is 15.5% smaller for tier 2 customers and 2.9% smaller for 

tier 3 customers, suggesting that riskier customers are less price sensitive, thus providing lenders 

with a rationale for implementing risk-based pricing. In fact, we find that implementation of risk-

based pricing is expected to lead to an increase of 26% in the financial institution’s profits, 

thereby highlighting the potential benefits of varying price by customer risk. 

Our intended contribution is threefold: First, to the best of our knowledge, this research is 

the first to develop an empirical consumer credit model that explicitly accounts for the lender, 

agent, and customer decisions in order to quantify the impact of risk-based pricing within the 

indirect lending framework. Instead, previous research that has quantified the impact of risk-

based pricing has primarily focused on the customer accept decision without accounting for the 

lender and agent decisions. Second, by modeling the indirect lending process in this way, we are 

able to provide insight into the factors that influence each of the stakeholder’s decisions. Third, 

by explicitly accounting for the agent in the model framework, we are able to optimize the agent 

incentive in addition to the customer rate, which allows for more robust pricing 

recommendations for indirect lenders.  

2 CONCEPTUAL DEVELOPMENT 

2.1 Consumer Credit Pricing 

2.1.1 Industry Overview 
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The consumer credit sector is an important part of the U.S. economy amounting to close 

to $4 trillion (Board of Governors of the Federal Reserve System 2019). One of the unique traits 

of the consumer credit market is that prices in the market often vary, with different lenders 

offering the same loan to the same consumer at different rates (Phillips 2013). This idiosyncratic 

characteristic of the industry provides lenders with the ability to increase profits through 

customizing price by consumer or segment. However, this opportunity was not leveraged by 

lenders prior to the late 1990s, since the vast majority of the lenders posted a single “house rate” 

to all customers that were approved for credit regardless of any systematic differences across 

these borrowers (Edelberg 2006; Johnson 1992). This practice had two critical consequences. 

First, it limited the profitability of lenders who were not able to leverage differences in customer 

willingness to pay. Second, it reduced credit approvals to individuals with higher risk since it 

would not be profitable for lenders to loan them money at the house rate (Bostic 2002; Collins, 

Belsky, and Case 2005). Over time, data storage costs decreased and underwriting technology 

improved, enabling lenders to deploy more nuanced pricing strategies compared to fixed rate 

pricing (Bostic 2002; Magri 2015). 

One of the strategies that emerged out of this period of change was risk-based pricing, 

which involves the classification of borrowers into risk segments each of which are charged a 

different interest rate (Magri 2015; Phillips, Şimşek, and Van Ryzin 2015). More specifically, 

under risk-based pricing lenders apply higher (lower) interest rates to customers that are more 

(less) likely to default on a loan. Risk-based pricing strategy stems from two main differences 

between customers at the two ends of the credit risk spectrum. First, individuals that are more 

likely to default on loans (i.e. high risk) pose greater costs to the lender, which can be offset by 

higher premiums (Edelberg 2006). Second, riskier customers are on average less price-sensitive 
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compared to low-risk ones (Phillips 2013), thus providing lenders the opportunity to leverage the 

higher willingness to pay of the high-risk segment with higher interest rates. Indeed, the 

difference between the interest rates that are charged to low-risk and high-risk borrowers has 

doubled for secured loans and has also increased for unsecured loans since the late 1990s 

(Edelberg 2006). Similarly, lenders have increasingly used consumer credit risk to price 

mortgage loan rates (Al-Bahrani and Su 2015; Magri and Pico 2011).  

Despite the increasing uptake of risk-based pricing in the financial sector, many lenders 

continue to set the loan prices sub-optimally. More specifically, they determine the loan price by 

applying a fixed markup to the total cost of the loan, which includes the cost of funds and cost of 

potential default, without considering differences in consumers’ price sensitivities. While this 

approach ensures that lenders are not underpricing high-risk loans, it is not the profit maximizing 

strategy (Chun and Lejeune 2016). Overlooking consumers’ price sensitivities, the price may be 

set too high in that it exceeds the customer’s willingness to pay, which results in the loan offer 

being rejected by the customer, or too low in that it is less than the customer’s willingness to pay, 

which results in foregone revenue. By accounting for differences in price sensitivity, lenders not 

only ensure that they are compensated for risk, but also that they are maximizing profit.  

2.1.2 Literature 

Despite the significance of the consumer credit industry for the global economy and the 

opportunities it provides for consumer-level pricing, empirical research on the topic has been 

scarce (Phillips 2013). This is mainly because required data is largely unavailable to academics 

due to its proprietary nature (Getter 2006). We highlight the consumer credit pricing research, 

most of which consist of analytical studies, in Table 1 and discuss the literature in more detail 

next.  
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-- Insert Table 1 about here --  

 Phillips (2013), analytically determines optimal credit prices under the risk-based pricing 

framework, focusing on the trade-off between higher prices and lower customer acceptance in 

the loan pricing decision. Specifically, by increasing the price of a loan, the consumer’s 

propensity to accept the loan diminishes (i.e. response risk) but the profitability of the loan, if 

accepted, increases. Models of risk-based pricing should therefore account for the impact of 

pricing on both the consumer’s propensity to accept a loan and on the loan’s profitability. 

Building on these ideas, Oliver and Oliver (2014) take a similar approach and demonstrate that 

the structural solution for the optimal customer rate can be determined by not only accounting 

for price’s impact on response risk but also price’s impact on default risk (i.e. price-dependent 

risk). Default risk, defined as risk to the lender that comes from individual borrowers’ unfilled 

promise of to repay their loans (Oliver and Oliver 2014), can be accounted for using an 

individual loan perspective (i.e. standalone risk), as in Oliver and Oliver (2014), or using a 

portfolio approach, as in Chun and Lejeune (2016). While both of these studies demonstrate the 

importance of accounting for the propensity of customer default, accounting for price dependent 

risk may not always be necessary since its impact is shown to be negligible in lower risk 

populations and is only significant when dealing with subprime populations (Phillips 2013), 

which include individuals with higher credit risk, as indicated by their lower credit scores 

(Fiancial Consumer Agency of Canada 2016).  

By developing analytical approaches to risk-based pricing, these articles provide the 

foundation for answering an important question: does implementation of risk-based pricing 

increase lender profits? Huang and Thomas (2015) aim to address this question by using 

numerical examples to examine the potential benefits of risk-based pricing under the different 
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capital regulatory requirements (Basel Accord I, Basel Accord II, and Basel Accord III), 

demonstrating that profits are higher under risk-based pricing compared to fixed pricing 

regardless of the regulatory requirements.  

Two empirical investigations that are closely related to our study are Einav, Jenkins, and 

Levin (2013) and Phillips, Şimşek, and Van Ryzin (2015). Einav, Jenkins, and Levin (2013) use 

applicant and loan-level data from a firm that specializes in auto loans for individuals with low 

incomes and poor credit in order to explore how the benefits of a risk-based approach accrue to 

lenders. Since these customers are already paying the maximum interest rate allowed by current 

regulation, the authors are not able to determine the impact of varying customer rate by risk 

segment. Instead, they explore the potential of varying loan and down payment amounts 

according to the specific credit risk of the consumer. The results suggest that profits increase by 

roughly $1,000 per loan after implementing a risk-based approach for two keys reasons: (1)  

down payment increases and the loan amount decreases for riskier borrowers, resulting in a 

decrease in customers’ propensity to accept a loan, as well as a higher repayment rate once the 

loan is accepted and (2) the down payment decreases and the loan amount increases for less risky 

borrowers, resulting in an increase in the probability of sale and the principal amount on the loan. 

While Einav, Jenkins, and Levin (2013) provide evidence that supports the implementation of a 

risk-based approach, they do not explore the potential for varying price by risk segment and the 

results are not generalizable to other borrower populations (e.g. super-prime populations).  

In contrast, Phillips, Şimşek, and Van Ryzin (2015) examine the impact of varying price 

by risk class using a dataset from an indirect lender who provides auto loans through dealers to 

customers with varying degrees of risk. Since dealers in this study had the authority to adjust the 

interest rate that was suggested by the lender prior to the loan being offered to the customer, the 
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authors were able to compare the following pricing strategies: (1) non-discretionary pricing, 

whereby non-optimized rates that are provided by lenders are charged to borrowers, (2) 

discretionary pricing, which allows dealers to adjust the non-optimized price according to their 

assessment of the customer, and (3) optimized non-discretionary pricing, whereby optimized 

risk-based prices are provided by lenders that cannot be altered by dealers. The results suggest 

that discretionary pricing led to a profit increase of 11% compared to using non-optimized prices 

from lenders, however, 20% additional profits would have been obtained if lenders optimized 

rates by risk class in a centralized manner. In other words, the benefits of local negotiations 

disappear once lenders optimize prices under the risk-based pricing framework. While the results 

of this study provide support for the notion that risk-based pricing benefits lenders, the authors 

did not explicitly model the agent’s behaviour and thus did not capture some of the important 

aspects of the indirect lending process, which we will discuss next.   

2.2 Indirect Lending Sales Process 

Indirect lending, which involves an external agent that acts as an intermediary between 

the consumer and the financial institution, is a common practice within lending. Within this 

arrangement, the agent is not affiliated with any particular lender but is responsible for obtaining 

consumer consent for credit score inquiries and for gathering consumer financial information on 

lenders’ behalf. After obtaining this information, the agent then submits the loan application to 

the financial institution of his/her choice using an online portal system, thus deciding which offer 

is ultimately presented to the customer. When making this decision, the agent considers the 

incentive that she/he will receive from the lenders as well as other factors such as relationship 

status with the various lenders. Although the credit agreement terms cannot be altered by the 

agents, they usually have some flexibility regarding the final price the customer pays. For 
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example, in some markets, it is common for lenders to provide a pricing menu (i.e. rate sheet), 

which specifies a discrete number of pricing-agent incentive combinations that the agent selects 

from when making an offer to the customer. The price that the agent selects is non-negotiable in 

most markets so the customer takes the price that is quoted by the agent or walks away from the 

loan offer (Phillips and Solutions 2012; Phillips 2005). 

Given the critical position that the agent holds, it is important for any effort to model the 

indirect lending process to account for the agent’s behaviour. Furthermore, the optimization 

should account for the possibility that the agent may select an outside option from one of the 

competitors, which would result in a loss of profit for the focal lender. We incorporate these 

ideas into the model specification, which we describe in Section 3. 

2.3 Price Discrimination 

The practice of varying price according to the differences in willingness to pay across 

customers is referred to as “price discrimination,” when it results in similar goods or services 

being priced at different ratios to marginal cost (Stigler 1952). In other words, offering the same 

product/service to different consumers at different prices is not price discrimination if the price 

discrepancy can be explained by differences in cost. From the context of risk-based pricing, 

when financial institutions apply a constant markup to the cost of the loan, lenders are able to 

vary the price of the loan by the risk class of the consumer, but they are not engaging in price 

discrimination since the price to marginal cost ratio remains constant across all risk segments.  

The key to price discrimination is that it allows firms to exploit differences in willingness 

to pay and ultimately increase profitability. This can be accomplished by implementing first-

degree, second-degree, or third-degree price discrimination. By engaging in first degree price 

discrimination, sellers can exploit heterogeneity in each consumer’s evaluation of successive 
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units (Moorthy 1984) by charging a price for each good that is equal to the maximum willingness 

to pay for that unit (Varian 1989). This pricing strategy is rarely seen in practice since it is 

difficult to implement (Pigou 1920). Therefore, firms more commonly engage in a coarser 

version called second-degree price discrimination, which involves varying the price of a good 

based on the number of goods that are purchased (Varian 1989). Alternatively, under third-

degree price discrimination, sellers segment the market based on some consumer characteristic 

and price the segments according to their different price sensitivities (Moorthy 1984). 

 Since first-degree price discrimination is rarely seen in practice (Pigou 1920) and 

implementation of second-degree price discrimination is straightforward, most of the marketing 

literature has focused on third-degree price discrimination, which can be implemented in one of 

two ways. First, firms can use firm-initiated price discrimination by directly segmenting the 

market and tailoring pricing to each segment, leaving consumers with the choice of accepting or 

rejecting the firm’s offer (Moorthy 1984). Some examples of firm-initiated price discrimination  

include store level pricing (Chintagunta, Dubé, and Singh 2003; Khan and Jain 2005; 

Montgomery 1997), targeted advertising (Esteves and Resende 2016), and behaviour based price 

discrimination (Caillaud and De Nijs 2014; Conitzer, Taylor, and Wagman 2012; Shin and 

Sudhir 2010). Second, firms can develop marketing programs with different benefits, thereby 

allowing consumers to self-select into the category that best suits their needs (Moorthy 1984). 

Some examples of price discrimination through self-selection include the use of warranties (Chu 

and Chintagunta 2011; Soberman 2003), quantity discounts (Cohen 2008; Khan and Jain 2005; 

Subramaniam and Gal-Or 2009), multi-period pricing (Geng, Wu, and Whinston 2007), coupons 

(Anderson and Song 2004; Dhar and Hoch 1996; Narasimhan 1984; Shaffer and Zhang 1995), 

price matching refund policies (Jain and Srivastava 2000), bonus buys (Cui, Raju, and Zhang 
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2008; Dhar and Hoch 1996), and rebates (Chen, Moorthy, and Zhang 2005; Lu and Moorthy 

2007).  

Using this classification system, it is clear that the adoption of risk-based pricing is third-

degree firm-initiated price discrimination, which is feasible under three specific conditions 

(Frank, Massey, and Wind 1972; Pigou 1920). First, firms need to be able to categorize buyers 

into segments using some observable characteristics that correlate with willingness to pay. In our 

context, customer risk segments are easily identifiable using credit score information and are 

expected to exhibit differences in willingness to pay (Phillips 2013). Second, firms need to have 

the ability to deliver marketing programs without fear of leakage across segments, which, in the 

consumer credit context, is accomplished through the use of dealers as personal sales agents that 

facilitate one-to-one conversations with the consumers. Third, lenders must be able to legally 

charge customers different prices by risk segment, which is the case in the United States (U.S. 

Government Publishing Office 2011) and in most other developed countries.  

3 MODEL DEVELOPMENT 

 In order to understand the potential benefits of risk-based pricing, we develop a model 

that accounts for (1) the agent’s decision to select a loan rate from the rate sheet options that are 

provided by the lender, (2) the lender’s decision to approve or not approve a loan application, 

and (3) the customer’s decision to accept or reject a loan offer. To the best of our knowledge, this 

research is the first to explicitly account for each of these three key stakeholders while 

quantifying the impact of risk-based pricing. In the following sections, we detail and model the 

decisions made by these three key stakeholders, describe the estimation method including how 

we handle price endogeneity, and finally outline the optimization approach.  
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3.1 The Agent Decision 

  We begin by modeling the agent’s behaviour (denoted by the superscript A), who is the 

first decision maker in the indirect lending framework and is responsible for selecting an interest 

rate from the rate sheet of the chosen bank. We assume that the agent’s decision to select one of 

the ! rate sheet options for loan applicant " is represented by: 

!!" = #
1,
⋮
',

 
If the agent selects rate sheet option 1 for loan applicant (  
 
If the agent selects rate sheet option ' for loan applicant ( 

 

where, #!
" is the realization of a multinomially distributed random variable $!" that takes the 

value of % with a probability of )#$
% , * = 1,… , ' and )#&

% + )#'
% +⋯+ )#(

% = 1. 

When the dealer is making its selection between the rate sheet options, he/she chooses the 

rate sheet option that maximizes utility, &%, which we model using the linear specification in 

Equation (1). 
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The utility in Equation (1) comprises a deterministic component, ∑ ()%))#$%*
)+& , where ))#$%  are 

the * = 2 independent variables that include the expected agent incentive and the probability of 

customer acceptance (which is an output from the customer response model described in Section 

3.3), conditional on rate sheet option % being selected for loan applicant ", and ()% represents the 

impact of variable ))#$%  on the agent’s utility. In other words, the specification includes Q 

alternative-specific regressors, ))#$% , which vary across the . customers and ! rate sheet options, 

as well as * parameters, 0$", that are the same across customers and alternatives. The error term, 

/#$% , accounts for other factors that may have an impact on the agent’s decision but are not 
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explicitly included in the model. Under the assumption that the error term is independently and 

identically distributed (iid) following a Weibull distribution, the probability of the dealer 

choosing rate sheet option % out of all ! options for offer to loan applicant " is provided in 

Equation (2): 

3!"(!!" = *) =
678	(∑ 0$"1$!#

"%
$&' )

∑ 678	(∑ 0$"1$!#
"%

$&' )(
#&'

 
(2) 

Given the aforementioned model framework, we then write the likelihood for loan 

applicant " as in Equation (3) and log-likelihood over the whole sample of loan applicants as in 

Equation (4)  
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-
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(4) 

where 0[∙] is a binary indicator variable that is equal to one if the argument in the squared 

brackets is true and equal to zero otherwise. To determine the parameter estimates for the agent 

decision we maximize Equation (4) with respect to (%. 

3.2 The Lender Decision 

  Once a loan application is submitted by the agent to the lender (denoted by the 

superscript L), it enters the lender’s adjudication process to determine whether or not it should be 

approved. We model the lender’s decision to approve a loan application using a binomial logit 

model under the assumption that there are . loan applicants that the lender considers for 

approval as represented in: 
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!!. = B	
		1,
		0, 

if	loan	applicant	(	is	approved by the lender  
Otherwise 

   
where, #!

, is the realization of a binomially distributed random variable $!, that takes the value of 

one with a probability of )#-  and zero with a probability 1 − )#-  as in Equation (5). 

3(S!. = !!.) = )!.
+!#(1 − )!.)'/+!

# (5) 

When deciding whether or not to approve a loan application, the lender compares its 

latent utility from approving the loan application with its latent utility from rejecting the loan 

application and elects for the decision that maximizes its utility. We model the utility of the 

lender using the linear specification in Equation (6). 
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(6) 

The first term in Equation (6), ∑ (.-).#-/
.+& , represents part of the deterministic component of the 

utility function, where ).#-  are the 7 = 9 individual level variables for loan applicant " that 

includes the requested loan amount, cash down payment, loan to value (LTV) ratio, total debt 

service ratio (TDSR), vehicle age, income, amortization, customer risk class, and a dummy 

variable for whether or not the applicant has a deposit relationship with the bank. The impact of 

variable ).#-  on the utility of the lender is measured by (.-. In addition to this, we include a 

second part to the deterministic component of the utility function, ∑ 90-:0#-1
0+& , where :0#-  are 

the ; = 2 control variables that include customer region and vehicle manufacturer, which are 

categorical variables that account for region and manufacturer specific effects.  The impact of 

variable :0#-  is measured by the parameter 90-. On the other hand, /#- represents the stochastic 

component, which accounts for other factors that may influence the lender’s decisions but are not 

included in the model. By assuming that the error term is independently and identically 
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distributed following a Weibull (i.e., extreme value) distribution, we can then specify the 

probability of the lender approving loan application " with a logistic formulation as in Equation 

(7): 

3!.(!!. = 1) =
678	(∑ 08

.18!
. +∑ U9.V9!.:9&'

;
8&' )

1 + 678	(∑ 08
.18!

. +∑ U9.V9!.:
9&'

;
8&' )

 
(7) 

Given the above model framework, we then write the likelihood for loan applicant " as in 

Equation (8) and log-likelihood over the whole sample of loan applicants as in Equation (9).  

;! = 3!.
+!#(1 − 3!.)'/+!

# (8) 

;;(0. , U.) = / ln	[3!.
+!#(1 − 3!.)'/+!

#
]

-

!&'
 

(9) 

To determine the impact of customer, product/brand, and loan characteristic variables on the 

lender approval decision we then maximize Equation (9) with respect to (- and 9-. 

3.3 The Customer Decision 

  After a loan application is submitted by the agent to the lender and the lender approves 

the loan application, the agent presents the loan offer to the customer (denoted with the 

superscript C) who must then decide whether or not to accept the loan offer. We model this 

customer choice using a binomial logit model under the assumption that there are 0 approved 

customers as in: 

!<
= = B	

		1,
		0, 

If approved customer	W	accepts the loan offer  
Otherwise 

   
where, #2

3 is the realization of a binomially distributed random variable $23 that takes the value of 

one with a probability of <45  and zero with a probability 1 − <45 , as in Equation (10). 

3(S<
= = !<

=) = )<
=+$%(1 − )<

=)'/+$
%
 (10) 
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The customer will accept the loan offer when his/her latent utility from accepting the loan 

application is greater than his/her latent utility from rejecting the loan application. We model the 

utility of the customer using the linear specification in Equation (11), 

&45 =60>
?1>@

? +6UA
?VA@

?
B

A=1

C

>=1
+ 2@

? 
(11) 

which comprises three components. The first term in Equation (11), ∑ (65)6457
6+& , represents part 

of the deterministic component of the utility function where )645  are the = = 9 individual level 

variables for approved customer > that includes customer risk class, customer income, customer 

rate, the difference between the requested and approved loan amount, a dummy variable for 

whether or not the applicant has a banking relationship with the bank, vehicle age, loan 

amortization, as well as an interaction term between customer rate and risk class and between 

customer rate and region to allow customers’ price sensitivity to vary as a function of risk class 

and region. The impact of variable )645  on the utility of the customer is measured by (65 . We also 

include a second part of the deterministic component of the utility function in Equation (11), 

∑ 985:8459
8+& , where :845  are the ? = 2 categorical variables that control for region and 

manufacturer specific effects and 985  measures the impact of variable :845  on the utility of the 

customer. Whereas the third term, /23, represents the stochastic component, which accounts for 

other factors that may influence the customers’ decisions but are not included in the model. We 

assume that this error term is independently and identically distributed following a Weibull (i.e., 

extreme value) distribution, which then allows us to specify the probability of the approved 

customer > accepting loan offer using a logistic formulation as in Equation (12): 

3<
=X!<

= = 1Y =
678	(∑ 0D=1D<
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(12) 



 

 32 

Given this model specification for the customer choice, we can then write the likelihood 

for approved customer > as in Equation (13) and log-likelihood over the whole sample of loan 

applicants as in Equation (14).  

;< = 3<
=+$%X1 − 3<

=Y
'/+$% (13) 

;;(0= , U=) =/ln	[3<
=+$%X1 − 3<

=Y
'/+$%]

)

<&'
 

(14) 

We then maximize Equation (14) with respect to (5  and 95  determine the impact of customer, 

product/brand, and loan characteristic variables (e.g. customer rate) on the customer accept 

decision. 

3.4 Endogeneity of the Customer Rate 

Before proceeding with the estimation, it is important to discuss the potential endogeneity 

of the customer rate (i.e. price). With respect to Equation (12), customer rate is endogenous if the 

impact of any unobserved factors are 1) correlated with customer rate and 2) not explicitly 

accounted for in the model since it would result in the effect of these unobserved factors being 

captured by the parameter estimate for price, thus biasing the results. For example, if males are 

more likely to accept loans, agents might be more prone to select higher interest rates for male 

customers, implying a high correlation between price and gender. Given that we do not control 

for gender in our model, the parameter estimate for customer rate would be confounded with the 

gender influence on acceptance. Additionally, we could have an endogeneity problem due to 

simultaneity. Specifically, if price impacts the probability that the customer will accept a loan 

offer and this same probability impacts the agent’s choice amongst the rate sheet options, then 

price is jointly determined with customer acceptance. In other words, price would be endogenous 

if price causes customer acceptance and customer acceptance causes price. 
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To account for these two concerns regarding endogeneity, we use a control function 

approach (Petrin and Train 2010), which involves a first stage linear regression whereby the 

endogenous customer rate is regressed on all exogenous variables and an instrument using 

Ordinary Least Squares (OLS). Similar to the approach taken by Phillips, Şimşek, and Van 

Ryzin (2015), we use the average customer rate that was offered on similar loans (i.e. loans from 

the same term class, loan amount cluster, and month) as our instrument. This instrument is highly 

correlated with the endogenous customer rate and it is uncorrelated with the error term since 

unobserved customer characteristics and demand factors such as local advertising and 

promotions are averaged out. The residuals from this OLS regression are then used as an 

additional variable in the customer response model in addition to the exogenous variables and 

endogenous customer rate. By taking this approach, the parameter estimate for customer rate will 

be an unbiased estimate of the true impact of customer rate on the customer’s decision to accept 

a loan offer, which is critical for the optimization discussed next. 

3.5 Price and Agent Incentive Optimization 

After we obtain the parameter estimates for the dealer, lender, and customer decisions, 

we determine the customer rate (i.e. price), @, and agent incentive, A0, for each of the B risk 

classes that maximizes the focal lender’s total expected profit, C, as in Equation (15).  

! = #$$%&' (!12 −
,-"
12 . ×

01"
2 × 02"3 − (01" × 56" × 786") − (0:! × 01"); × <(="# = 1) × <(="$ = 1) × <(="% = 1) × :[2," =

&

!'(

)

"'(
?]A (15) 

where, DE is the cost of funds, AF is the loan amount, AG is the amortization, ;H is the 

probability of default, IJH is the loss given default, and 0[GD# = B] is an indicator variable that 

is equal to one if customer " belongs to risk class (GD) B and zero otherwise. Since we optimize 

a single rate/agent incentive for each risk class, there is only one rate sheet option for the focal 

lender, which we represent with % = 1. In addition to the focal lender’s rate sheet option, % = 1, 
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we also consider an outside option that is available from the competition, % = 2. Thus, for the 

purpose of optimization, we consider two potential options for the agent: the agent can select the 

focal lender,	!!" = 1, or the competition, !!" = 2. Given this representation, we do not need to sum 

across the ! rate sheet options within Equation (15) since the focal lender’s profits are zero when 

rate sheet option 2 is selected, !!" = 2. 

 Given the objective function and variables to be optimized, we run the optimization using 

R 3.6.0 and the optim command in the stats package (R Core Team 2019), while specifying the 

Broyden–Fletcher–Goldfarb–Shanno (BFGS) algorithm as the method. The BFGS algorithm is a 

quasi-Newton method that was developed in 1970 (Broyden 1970b; Broyden 1970a; Fletcher 

1970; Goldfarb 1970; Shanno 1970) and solves unconstrained nonlinear optimization problems, 

such as the one in Equation (15), by taking an iterative approach and building up a visual of the 

surface that is to be optimized, using both gradients and function values.   

4 EMPIRICAL ANALYSIS 

4.1 Data 

Our analysis is based on a dataset from a large North American financial institution that 

provides indirect auto loans through dealerships (i.e. agents). The dataset includes 73,579 loan 

applications that were received by the lender from June 2015 to December 2015. Of these loans, 

49,114 were approved and 27,555 were booked by the lender. For the analysis, we utilized loan 

information, which we describe in Table 2, such as the LTV ratio, TDSR, amortization, customer 

rate, cash down payment, cost of funds, probability of default, loss given default, agent incentive, 

as well as the dollar amount that was requested, approved, and booked. Taking the difference 

between the approved and the requested dollar amounts, we also constructed an additional 

variable that we label as “approval differential”, which captures the extent to which the loan 
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request was covered by the lender. We would like to note that the “approval differential” variable 

takes both positive and negative values, where the former (latter) reflects applications for which 

the bank approves a larger (smaller) amount than requested. In addition to loan specific 

information, we also include customer and vehicle specific information including monthly 

income, region, an indicator for whether or not the customer currently has a deposit relationship 

with the financial institution, risk class, vehicle age, and vehicle manufacturer. We provide 

summary statistics for our continuous and categorical variables in Table 2 and Table 3, 

respectively.  

-- Insert Table 2 about here -- 

-- Insert Table 3 about here -- 

4.2 Model Free Evidence 

Before discussing the estimation results, we begin by examining model free evidence to 

glean initial insight into the key factors that impact the decisions within the three-stage indirect 

lending framework described in detail in Section 3. The first step within this framework involves 

the agent who selects a pricing option from the rate sheet provided by the lender (see Table 4 for 

rate sheet option descriptive statistics). One of the factors that is expected to influence the choice 

between pricing options is the agent incentive (i.e. commission). To understand the impact of 

agent incentive on the agent’s decision between rate sheet options, we plot the number of times 

that each of the 13 rate sheet options was selected as a percentage of total choices in Figure 1. 

The plot indicates that agents are more likely to select rate sheet options with higher 

commissions, with option 7, 8, and 9 being selected 66% of the time, demonstrating the 

importance of the incentive mechanism in agent’s decision.  

-- Insert Table 4 about here -- 
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-- Insert Figure 1 about here -- 

After selecting an option from the rate sheet, the agent then submits the loan application 

to the lender, which initiates the second step in the indirect lending process. At this stage, the 

lender must decide whether or not to approve the loan application. When making this decision, 

lenders primarily focus on the risk profile of the customer, which is measured internally using a 

proprietary method that groups customers into three risk classes based on the customer’s credit 

score. Under this classification system, the risk of the customer increases from tier 1 to tier 3 so 

we expect approval rates to be highest for tier 1 customers and lowest for tier 3 customers. To 

examine this, we plot approval rates (# of applicants approved/total # of applicants) for each of 

the three risk classes in Figure 2. The results indicate that the lender approved tier 1 customers 

more often than tier 2 customers (difference = 33%, p-value < 2.2e-16) and approved tier 2 

customers more often than tier 3 customers (difference = 19%, p-value < 2.2e-16), demonstrating 

that lenders prefer to approve less risky customers rather than more risky customers. 

-- Insert Figure 2 about here --  

Next, loan applicants that are approved enter the third stage, where the agent presents the 

lender’s loan offer to the customer who must then decide whether or not to accept it. Probably 

the most critical element of a loan offer is the customer rate, which is expected to have a high 

influence on customers’ propensity to accept a loan offer, albeit to a different degree for each 

customer risk segment. To examine the impact of customer rate on loan acceptance, we plot the 

acceptance rates by customer rate (low <= 4.978 vs high >= 7.59%) and risk class in Figure 3. 

The results indicate that, overall, customers are more likely to accept a loan offer when the 

customer rates are lower. More importantly, price sensitivities of customers vary by risk class. 

Specifically, the acceptance rate drops drastically when prices increase for tier 1 customers 
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(difference = -29%, p-value <2.2e-16) but not for tier 2 (difference = 1%, p-value = .9056) or tier 

3 (difference = 1%, p-value = .8585) customers. Thus, model free evidence suggests that 

customer rate is, indeed, an important factor that impacts customers’ propensity to accept an 

offer, with price being more important for tier 1 (i.e. lowest risk) customers compared to tier 2 

and tier 3 (i.e. the higher risk) customers. 

-- Insert Figure 3 about here – 

4.3 Model Estimation Results: Drivers of Customer, Lender, and Agent Decisions 

To test the model free evidence and examine the drivers of the decisions made by 

customers, lenders, and agents, we provide and discuss the estimation results from the three-

stage choice model that we have introduced in Section 3.  

We start with the results of the customer model, which examines the customer’s decision 

to accept or reject a loan offer. To test for potential endogeneity and quantify its impact on the 

parameter estimates of the customer model we estimate the model with and without endogeneity 

correction following Sections 3.3 and 3.4. Tables 5 presents the results from the first stage of the 

control function estimation and Table 6 provides the parameter estimates for the models with and 

without endogeneity correction.  As seen in Table 5, the parameter estimate for the average 

customer rate on similar loans is positive and significant, suggesting that the instrument is 

positively correlated with the customer rate variable in the data. Moreover, in Table 6, we can 

see that the residuals from the first stage of the control function estimation approach are 

significant in the second stage regression, suggesting that customer rate is indeed endogenous. 

The magnitude of the bias induced by endogeneity can be understood by comparing the 

parameter estimates for customer rate under the two models. Specifically, in absolute value, the 

estimate for customer rate is 2.37x (-98.38 vs. -41.37) larger for the endogeneity corrected model 
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compared to the base model, which indicates that the negative impact of customer rate on 

customers’ propensity to accept a loan is significantly underestimated in the base model. Given 

that customer rate is endogenous, we discuss the estimation results from the endogeneity 

corrected model in Table 6 next. 

-- Insert Table 5 about here -- 

-- Insert Table 6 about here -- 

First, the odds of an individual accepting a loan offer increases by 18.8% if he/she has a 

pre-existing deposit relationship with the lender (( = .172, NO = .036), highlighting the synergy 

through offering complimentary services and demonstrating the importance of fostering 

customer relationships and brand loyalty. Second, the odds of a tier 1 customer accepting a loan 

offer decreases by 62.6% for every 1% increase in customer rate (( = −98.380, NO = 5.403), 

which confirms our expectations and is consistent with economic theory. However, not all 

customers react to price the same way. Specifically, riskier customers are less price sensitive 

than lower-risk customers, as indicated by the positive coefficients for the interaction between 

customer rate and risk class (although the coefficient is only statistically significant for tier 2). 

While every 1% increase in the customer rate decreases the odds of accepting a loan offer for all 

customers, the magnitude is 15.5% smaller for tier 2 customers (( = 14.410, NO = 2.735)	and 

2.9% smaller for tier 3 customers (( = 2.863, NO = 4.674)	compared to tier 1 customers. These 

differences in customer price sensitivity are visualized in the price response curves in Figure 4, 

which we constructed by varying the customer rate between 0% and 20% for all observations 

and plotting the average predicted probability of customer acceptance at each of these customer 

rates. In addition to differences in price sensitivity across risk segments, we also find that 

individuals from riskier tiers (tier 2 and tier 3) are less likely to accept a loan offer when holding 
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all else constant. Specifically, the odds of accepting a loan offer are 72.1% lower for tier 2 

customers (( = −1.278, NO = .171)	and 89.5% lower for tier 3 customers (( = −2.255, NO =

.293)	compared to tier 1 customers. Third, individuals’ propensity to accept a loan also differs as 

a function of vehicle age (( = −.062, NO = .008), loan amortization (( = −.020, NO = .001), 

and funding coverage (( = .000, NO = .000) with the odds of customer acceptance decreasing 

by 6.0% for every 1 year increase in vehicle age, decreasing by 21.3% for every 1 year increase 

in amortization, and increasing by 2.8% for every $1,000 increase in the approval differential 

variable (i.e. for loans that are better funded). 

-- Insert Figure 4 about here --    

Next, we examine the lender’s decision to approve or not approve a loan application. The 

parameter estimates and standard errors for this decision, which can be seen in Table 7, 

demonstrate the importance of risk to lenders in three ways. First, the odds of the lender 

approving loan applications from tier 2 (( = −1.893, NO = .023) and tier 3 (( = −2.809, NO =

.028) borrowers are 84.9% and 94.0% lower compared to tier 1 borrowers, respectively. This 

confirms the model free evidence, which suggests that customers from more risky tiers are less 

likely to be approved for a loan. In addition to risk class, the lender also bases its approval 

decision on the LTV and TDSR of the customer since the odds of the lender approving a loan 

application decreases by 91.1% for every unit increase in the LTV ratio (( = −2.423, NO =

.029)	and by 42.1% for every unit increase in TDSR (( = −.547, NO = .058). Second, the odds 

of the lender approving a loan application are 6.7% higher for customers that have a deposit 

relationship with the bank (( = .065, NO = .033), likely because the bank has better information 

about current customers, which reduces the uncertainty that arises from lending to unfamiliar 

customers. Third, the odds of the lender approving a loan applicant increases by 2.2% for every 
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$1,000 increase in income (( = .000, NO = .000), which suggests that lender’s perceive income 

as a signal of the customer’s ability to make future loan payments. In addition to customer risk, 

lenders also consider the down payment of a loan since the odds of loan approval decreases by 

.75% for every $1,000 increase in down payment (( = −.000, NO = .000), which is likely due 

to the negative impact that down payments have on the profitability of each loan since a larger 

down payment equates to a smaller principal and, consequently, less interest revenue. 

-- Insert Table 7 about here – 

Finally, we examine the factors that impact the agent’s selection between rate sheet 

options. As seen in Table 8, the parameter estimates for both variables, including agent incentive 

and probability of customer acceptance, are positive and significant at the 5% significance level, 

suggesting that agents are more likely to select rate sheet options that pay larger incentives (( =

.003, NO = .000)	and that have a higher probability of being accepted by the customer (( =

.868, NO = .025). Specifically, the odds of the dealer selecting a rate sheet option increases by 

35.0% (9.1%) for every $100 (10%) increase in incentives (probability of customer acceptance). 

This finding is important since it demonstrates the balancing act that agents engage in when 

selecting a pricing option from the rate sheet; while agents care about the commissions that they 

will receive from brokering the loan deal, they don’t always select the rate sheet option with the 

highest agent incentive and customer rate combination since higher customer rates also decrease 

the propensity that the customer will accept the loan. Instead, agents select rate sheet options that 

balance the trade-off between receiving a high commission and closing the sale.  

-- Insert Table 8 about here -- 
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4.4 Quantifying the Impact of Risk-Based Pricing 

Given the estimation results, we next determine the optimal customer rate and 

corresponding agent incentive for each risk class by maximizing Equation (15) with respect to 

the customer rate, @:, and agent incentive, A0:, for each of the B risk segments. As discussed in 

Section 3.5, the optimization assumes that the agent has two options to select from: (1) the inside 

option that is offered by the focal lender, which is the rate and agent incentive that is being 

optimized and (2) an outside option from the competition. For the outside option, we utilize the 

average customer rate, 5.45%, and agent incentive, 2.92%, offered by the competitors in the 

period that the dataset covers.  

We report the optimized/actual price and agent incentive by risk class in Table 9 and we 

provide a graphical representation in Figure 5 and Figure 6, respectively.  The results indicate 

that the optimal customer rates for tier 1 (least risky), tier 2, and tier 3 (most risky) borrowers are 

5.9%, 6.5%, and 7.1%, respectively. This is consistent with risk-based pricing since the customer 

rate for tier 2 is 10.2% higher than the customer rate for tier 1 and the customer rate for tier 3 is 

9.2% higher than the customer rate for tier 2. Comparing the optimized customer rates to the 

current customer rates reveals that risk-based pricing is not currently being utilized to its fullest 

potential since tier 2 rates are only 5.0% higher than tier 1 rates and tier 3 rates are only 3.2% 

higher than tier 2 rates within the current pricing strategy (tier 1 = 6.0%, tier 2 = 6.3%, tier 3 = 

6.5%).  

-- Insert Table 9 about here -- 

-- Insert Figure 5 and Figure 6 about here -- 

In addition to optimizing the customer rates by risk class, we also optimize the agent 

incentives by risk class. The optimization results suggest that agent incentives should be set to 
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4.7%, 4.4%, and 3.6% for tier 1 (least risky), tier 2, and tier 3 (most risky) customers, 

respectively. This recommendation differs from the current agent incentives. To start, under the 

current strategy, agent incentives are significantly lower than the optimized levels at 4.3%, 3.6%, 

and 3.7% for tier 1, tier 2, and tier 3 customers, respectively. Moreover, the optimal policy places 

greater emphasis on tier 1 and tier 2 customers by setting incentives at higher levels for these risk 

segments compared to tier 3 customers. Contrary to this approach, the current pricing strategy 

places less emphasis on tier 2 and 3 customers, focusing on tier 1 customers by paying a larger 

incentive for these customers compared to tier 2 and tier 3 customers. 

Figure 7 compares the expected profits under the optimized risk-based pricing strategy 

with the current profits of the lender. It is clear that the new pricing policy pays dividends for the 

lender. By better tailoring pricing to each risk class and implementing incentives that target tier 1 

and tier 2 customers more than tier 3 customers, the lender has the potential to increase profits by 

26%. 

-- Insert Figure 7 about here --  

5 MODEL VALIDATION 

To validate the three-stage model, we examine the model’s ability to predict the decisions 

made by the customer, lender, and agent. Panels A (B) in Table 10 shows that the overall 

prediction accuracy for the customer (lender) decision is 70% (81%). Moreover, the prediction 

rates for customer (lender) acceptance (i.e. true positive rate/sensitivity) and rejection (i.e. true 

negative rate/specificity) of the loan offer (application) are 81% (90%) and 56% (63%), 

respectively, lending further validity to model’s ability to predict both decision outcomes. It is 

important to note that the predictive ability for the customer and lender decisions are based on a 

threshold of .50, which dictates that individuals are classified as accepted (approved) when the 
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predicted probability of customer acceptance (approval) is above 50%. This classification 

threshold can be adjusted to align with corporate goals since a higher (lower) threshold would 

decrease (increase) sensitivity but would increase (decrease) specificity. Therefore, if predicting 

accepted/approved (not accepted/not approved) applicants is more important, then the threshold 

can be decreased (increased) as depicted in the receiver operator characteristic graphs in Figure 

8: Panel A and B. 

-- Insert Table 10 about here -- 

-- Insert Figure 8 about here --  

Finally, we examine the predictive performance for the agent rate sheet decision by 

graphing the predicted choice probabilities vs. the actual choice probabilities for each of the 13 

rate sheet options in Figure 9. The model provides the highest prediction scores for rate sheet 

options 7, 8, and 9, which are also the rate sheet options that dealers select most frequently. 

Moreover, the model attains very low prediction scores for rate sheet options 3, 5, 6, 12, and 13, 

which are some of the least selected rate sheet options by dealers. Consequently, the results 

indicate reasonably strong prediction accuracy for the agent decision since the predictions mirror 

the actual choice patterns quite well. 

-- Insert Figure 9 about here -- 

 To provide further validation we also test for potential overfitting by examining 

classification performance using holdout data. We accomplish this by creating two separate 

datasets; the training set consists of 80% of the observations and the test set consists of 20% of 

the observations. We run the model estimation on the training set and use the results to predict 

the outcome variables (i.e. acceptance decision, approval decision, rate sheet option selected) for 

both the training and test set. The results remain relatively consistent across both datasets, 
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demonstrating the model’s ability to predict out of sample while ensuring generalizability of the 

findings. We provide the holdout predictions for the test sets in Table 11: Panel A and B and 

Figure 10. 

-- Insert Table 11 about here --  

-- Insert Figure 10 about here --  

6 DISCUSSION AND CONCLUSIONS 

We develop a model of consumer credit that accounts for the three key stakeholders that 

are involved in the indirect lending process (i.e. the agent, lender, and customer) with the goal of 

empirically examining the impact of price discrimination based on consumer risk. The research 

on consumer credit pricing is scant and the majority of investigations are theoretical/analytical 

due to the difficulty in acquiring consumer credit data from lenders. Current studies demonstrate 

the importance of accounting for the trade-off that occurs when setting the interest rate for 

consumer credit (i.e. higher prices increase profits for loans that are accepted but lower 

acceptance rates) as well as the importance of accounting for default risk when building a model 

of consumer credit. Moreover, insight from the consumer credit literature provides initial support 

for varying consumer credit pricing by the risk class of the consumer, demonstrating the 

potential profit lift from engaging in this pricing strategy. The current investigation, which is one 

of the few that takes an empirical approach, provides further support for this pricing strategy by 

demonstrating the profit implications from implementing price discrimination based on 

consumer risk within the context of indirect lending. To the best of our knowledge, our research 

is the first to build a quantitative model that explicitly accounts for the decisions made by the 

lender, agent, and customer while empirically investigating the impact of price discrimination 

based on consumer risk.  
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In order to empirically examine the impact of price discrimination based on consumer 

risk, we develop a three-stage model of consumer credit choice and utilize a dataset from a large 

North American financial institution that participates in indirect auto lending through an external 

agent. We first estimate the model parameters to determine the impact of various factors on the 

three key decision makers involved in the indirect lending process. Then, using these parameter 

estimates, we develop an approach to optimize the customer rate (i.e. price) and agent incentive 

by risk class, while accounting for competitors who could be selected instead of the focal lender 

by the agent. Comparing the profit under the optimized pricing strategy with the current pricing 

strategy then allows us to assess the impact of price discrimination based on consumer risk. 

Taking the aforementioned approach, we uncover the following key findings: 

1. When deciding which rate option to select from the rate sheet, the agent considers both the 

agent incentive and probability that the customer will accept the loan offer. Thus, the agent 

doesn’t always select the rate sheet option that pays the highest agent incentive since these 

options have higher customer rates, which decreases the probability that the customer will 

accept the loan offer. 

2. Lenders are primarily concerned with the risk profile of the customer; they are more likely to 

approve customers from the tier 1 risk segment with lower LTV ratios and TDSRs. 

3. Approved customers consider the attractiveness of the loan offer when deciding whether or 

not to accept it. Specifically, customers are more likely to accept a loan offer when the lender 

grants enough credit to fund the purchase of the vehicle, the customer rate is lower, the 

amortization period is shorter, and the customer already has a banking relationship with the 

lender. Customers from different risk classes also vary in their propensity to accept loan 

offers in two ways. First, holding all other factors constant, higher risk customers are less 
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likely to accept loan offers than lower risk customers. Second, higher risk customers are less 

price sensitive than lower risk customers, demonstrating the viability of price discrimination 

based on consumer risk. 

4. Optimizing the customer rate and agent incentive by risk class results in increased profits for 

the lender compared to the current practice of setting a uniform menu of non-optimized 

prices that the agent selects from for offer to the customer, thus demonstrating the feasibility 

of price discrimination based on consumer risk.  

Overall, the current paper provides a model of consumer credit that accounts for the three 

key stakeholders involved in the indirect lending process. Utilizing this model, we are able to 

provide insight into the factors that impact the three key decision makers within the indirect 

lending process. Moreover, by accounting for the factors that impact the decision-making 

process within the three-stage model, we are able to accurately quantify the impact of 

implementing price discrimination based on consumer risk. 

Finally, our work has limitations that stem from data limitations. For example, the dataset 

does not include any demographic information about the customer, which would be useful for 

estimation, assuming that the agent’s choice between rate sheet options, the lender’s decision to 

approve or not approve a loan, and the customer’s decision to accept a loan are impacted by 

demographics. Since the majority of marketing research utilizes demographic variables as means 

of price discrimination, it would be useful to compare the profit outcomes from risk-based 

pricing with this more traditional price discrimination approach. Moreover, we had limited 

visibility to competitor information, which restricted the extent to which we could incorporate 

factors related to the competition. More specifically, the dataset only includes loan applications 

that are sent to the focal lender and, thus, does not include loan applications that are only seen by 
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competitors. As such, we are not able to explicitly model the agent’s decision to select one lender 

over the other. Instead, we model the agent’s choice between the focal lender’s rate sheet options 

as a function of agent incentive and probability of customer acceptance, and we assume that the 

impact of these factors is the same regardless of whether the rate sheet option being considered is 

from the focal lender or a competitor. This assumption allows us to include an outside option 

(i.e. competitor option) within the optimization to account for competitive pressures when 

determining the optimal price and agent incentive. To the extent that researchers are able to 

obtain data that includes demographics and applications that are sent to competitors, future 

research should explicitly account for this information in their model framework and 

optimization approach.     
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TABLES AND FIGURES 
Table 1: Summary of Consumer Credit Pricing Optimization Literature  

Authors (Year) Empirical Price Optimized Bank Loan  
Approval Decision 

Dealer Rate  
Selection 
Decision 

Customer  
Accept 

Decision 
This Study þ þ þ þ þ 
Einav, Jenkins, and Levin (2013) þ ý ý ý þ 

Phillips (2013) ý þ ý ý þ 

Oliver and Oliver (2014) ý þ ý ý þ 

Phillips, Şimşek, and Van Ryzin (2015) þ þ ý ý þ 

Huang and Thomas (2015) ý þ ý ý þ 

Chun and Lejeune (2016) ý þ ý ý þ 

 



 

 49 

Table 2: Summary Statistics for Continuous Variables 

Variable Description Mean Std. Dev Min Max 
Requested Amount Loan amount requested by the customer ($) 27,330 14,092 5,022 357,046 
Cash Down Payment Amount paid up front by the customer ($) 1,948 3,864 0 120,000 
Loan to Value Ratio (LTV Ratio) !"#$	&'"($)	($) -.ℎ01!.	-#!(.	($)⁄  1.43 .44 0.16 6.08 
Total Debt Service Ratio (TDSR) &$$(#!	3.4)	5#6'.$)7 89"77	:$1"'.⁄  .32 .18 0.01 8.61 
Vehicle Age Age of vehicle (years) 3.77 1.88 0 10 
Income Customer monthly income (monthly $) 5,094 3,773 0.08 99,000 
Amortization Amortization of loan (months) 65.37 17.10 12 240 
Customer Rate Customer interest rate (%) 6.18 0.91 3.98 8.99 
Difference ;.<(.7).=	&'"($)	($) − &??9"@.=	&'"($)	($) -1,043 4,173 -257,046 28,138 
Agent Incentive Commission paid to dealer ($) 906 585 2 7,957 
Cost of Funds (COF) Interest paid by financial institutions for funds (%) 1.75 0.13 0.94 2.20 
Probability of Default (PD) Probability that debtor is unable to repay debt (%) 4.53 5.01 0.03 12.00 
Loss Given Default (LGD) Percentage of loan that is lost when default occurs (%) 35.95 17.42 20.00 60.00 
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Table 3: Summary Statistics for Categorical Variables 

Variable* Category Frequency % 
Lender Approval Indicator Yes 49,114 66.75 

 No 24,465 33.25 
Customer Accept Indicator Yes 27,555 37.45 

 No 46,024 62.55 
Deposit Relationship Yes 6,958 9.46 

 No 66,621 90.54 
Risk Class** Tier 1 39,341 53.47 

 Tier 2 19,616 26.66 
 Tier 3 14,622 19.87 

* Region and Manufacturer are also categorical variables we control for, both with many levels. Therefore, they are not represented in Table 3 for simplicity. 
** Customer risk increases from tier 1 to tier 3 

 



 

 51 

Table 4: Rate Sheet Descriptive Statistics 

Rate Sheet Option Avg. Customer 
Rate (%) 

Avg. Dealer 
Reserve ($) 

Selection Rate 
(%) 

Option 1 7.48 870 4.21 
Option 2 7.02 827 1.01 
Option 3 6.12 565 1.27 
Option 4 4.70 619 0.00 
Option 5 4.46 390 0.00 
Option 6 4.23 150 0.00 
Option 7 6.77 1,136 40.61 
Option 8 6.17 1,072 10.54 
Option 9 5.77 937 14.31 
Option 10 5.17 724 11.68 
Option 11 4.73 536 12.31 
Option 12 4.16 163 3.08 
Option 13 3.98 108 0.98 

Note: The focal lender simultaneously provides agents with a “regular rate sheet” (options 1 through 6) and a 
“special rate sheet” (options 7 through 13)  
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Table 5: First Stage Linear Regression Coefficients 

Predictor Variable Estimate Std. Error 
Intercept 0.006*** 0.00088 
Deposit Relationship (Base Level = No)   

Yes -0.000*** 0.00011 
Risk Class (Base Level = 1)   

2 0.003*** 0.00007 
3 0.004*** 0.00009 

Vehicle Age 0.001*** 0.00002 
Income -0.000*** 0.00000 
Amortization 0.000*** 0.00000 
Difference 0.000*** 0.00000 
Region Too Many 
Manufacturer Too Many 
Average Customer Rate (Instrument) 0.813*** 0.01290 
R2 15.43 
F-value 335.5 

*** significant at .1%   ** significant at 1%   * significant at 5%   . significant at 10% 

 

Table 6: Customer Accept Choice Model Estimates 

 Base Model Endogeneity Corrected  
Model 

Predictor Variable Estimate Std. Error Estimate Std. Error 
Intercept 5.156*** 0.15550 8.291*** 0.31450 
Deposit Relationship (Base Level = No)     

Yes .198*** 0.03594 .172*** 0.03608 
Risk Class (Base Level = 1)     

2 -1.448*** 0.17030 -1.278*** 0.17130 
3 -2.547*** 0.29010 -2.255*** 0.29310 

Vehicle Age -0.097*** 0.00766 -0.06197*** 0.008205 
Income -0.000. 0.00000 -0.000*** 0.00000 
Amortization -0.022*** 0.00095 -0.020*** 0.00097 
Customer Rate -41.370*** 2.14800 -98.380*** 5.40300 
Difference 0.000*** 0.00000 0.000*** 0.00000 
Region Too Many Too Many 
Manufacturer Too Many Too Many 
Risk Class * Customer Rate (Base Level = 1)     

2 14.530*** 2.72800 14.410*** 2.73500 
3 3.234 4.63900 2.863 4.67400 

Region * Customer Rate Too Many Too Many 
Residuals (stage 1) NA NA 60.270*** 5.231 
LnLik -28,681 -28,615 
AIC 57,471 57,340 

*** significant at .1%   ** significant at 1%   * significant at 5%   . significant at 10% 
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Table 7: Lender Approval Choice Model Estimates 

Predictor Variable Estimate Standard Error 
Intercept 5.541*** 0.10050 
Requested Amount -0.000 0.00000 
Deposit Relationship (Base Level = No)   

Yes 0.065. 0.03310 
Cash Down Payment -0.000** 0.0000 
LTV Ratio -2.423*** 0.02877 
TDSR -0.547*** 0.05760 
Vehicle Age .0143. 0.00795 
Income 0.000*** 0.00000 
Amortization -0.001 0.00093 
Risk Class (Base Level = 1)   

2 -1.893*** 0.02326 
3 -2.809*** 0.02761 

Region Too Many 
Manufacturer Too Many 
LnLik -33,219 
AIC 66,523 

*** significant at .1%   ** significant at 1%   * significant at 5%   . significant at 10% 
 

 

Table 8: Agent Rate Selection Choice Model Estimates 

Predictor Variable Estimate Std. Error 
Agent Incentive 0.003*** 0.00002 
Probability of Customer Acceptance 0.868*** 0.02515 
LnLik -160,500 
AIC 320,995 

*** significant at .1%   ** significant at 1%   * significant at 5%   . significant at 10% 
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Table 9: Summary Statistics for Various Pricing Strategies 
 
 Customer Rate (%) Agent Incentive (%) 
Pricing Strategy Tier 1 Tier 2 Tier 3 Tier 1 Tier 2 Tier 3 
Current 6.0 6.3 6.5 4.3 3.6 3.7 
Optimized 5.9 6.5 7.1 4.7 4.4 3.6 
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Table 10: Classification Performance 

Panel A: Customer Accept Decision 
 

 Predicted 
Actual  Not Accepted Accepted 
Not Accepted 12,003 9,556 
Accepted 5,356 22,199 

 Performance Metrics 
Overall Accuracy Specificity Sensitivity 

70% 56% 81% 
Threshold = .50 
 
Panel B: Lender Approval Decision 
 

 Predicted 
Actual  Not Approved Approved 
Not Approved 15,423 9,042 
Approved 5,158 43,956 

 Performance Metrics 
Overall Accuracy Specificity Sensitivity 

81% 63% 90% 
Threshold = .50 
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Table 11: Holdout Performance 

Panel A: Customer Accept Decision 
 

 Predicted 
Actual  Not Accepted Accepted 
Not Accepted 2,435 1,878 
Accepted 1,159 4,350 

 Performance Metrics 
Overall Accuracy Specificity Sensitivity 

69% 56% 79% 
Threshold = .50 
 
Panel B: Lender Approval Decision 
 

 Predicted 
Actual  Not Approved Approved 
Not Approved 3,056 1,869 
Approved 996 8,794 

 Performance Metrics 
Overall Accuracy Specificity Sensitivity 

81% 62% 90% 
Threshold = .50 
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Figure 1: Agent Rate Selection by Rate Sheet Option 
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Figure 2: Lender Approval Rates by Risk Class 
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Figure 3: Customer Acceptance by Risk Class and Customer Rate 
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Figure 4: Price Response Functions by Risk Class 
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Figure 5: Optimized vs Current Customer Rate by Risk Class 
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Figure 6: Optimized vs Current Agent Incentive by Risk Class 
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Figure 7: Profit for Various Pricing Strategies (Normalized) 
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Figure 8: Receiver Operator Characteristic Curve (ROC) for Classification 
 
Panel A: Customer Accept Decision 
 

 
 
Panel B: Lender Approval Decision 
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Figure 9: Agent Rate Selection (Predicted vs Actual) 
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Figure 10: Holdout Analysis for Agent Rate Selection 
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Abstract 

Sales force activities, including personal selling and pricing, are often outsourced by 

providers to external firms. Given the importance of these marketing tasks, organizations must 

ensure that sales compensation is optimized in order to maximize profitability. In this article, we 

develop a model of external salesperson behaviour within the context of indirect lenders that sell 

auto loans through external sales representatives at auto dealerships. Using this model, which 

accounts for the key decision makers in the indirect lending context (i.e. lender, external sales 

representative, and customer), and a large dataset from a North American financial institution, 

we examine the behaviour of external sales representatives, focusing on the demand allocation 

and pricing decisions made by external salespeople and the impact that commissions have on 

these decisions. The results indicate that 1) external sales representatives’ decision to allocate 

customer demand is influenced by commissions provided by competing providers; however, the 

impact is smaller than suggested in the literature, 2) external sales representatives use a 

sequential decision making process, first selecting a lender to allocate customer demand to and 

then choosing an option from the selected lender’s menu of prices, rather than a simultaneous 

process, whereby pricing options from all providers are compared at the same time, and 3) 

optimal commissions increase exponentially with price to ensure that external sales 
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representatives select higher prices for customers with higher wiliness to pay, thus maximizing 

lender profitability. 

Keywords: Sales Force Compensation, Sales Force Pricing Delegation, Consumer Lending 
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1 INTRODUCTION 

The sales force plays a pivotal role within most organizations since it is responsible for 

key marketing decisions. Specifically, the sales force is responsible for personal selling, which is 

one of the most important marketing instruments that an organization has in its arsenal, as 

indicated by the large investments that organizations put towards this activity – U.S. 

organizations spent more than $800 billion on personal selling in 2006, equating to 10% of sales 

and surpassing the funds allocated to advertising by a factor of three, on average (Heide 1999; 

Zoltners, Sinha, and Lorimer 2008). In addition to the important task of personal selling, the 

sales force is often delegated pricing authority (Hansen, Joseph, and Krafft 2008) due to sales 

representatives’ close proximity to customers and superior ability to assess willingness to pay of 

the customer (Frenzen et al. 2010).  

Although these important responsibilities are often assigned to sales forces that are 

located within the confines of an organization, there are also many contexts that involve the use 

of external salespeople. In other words, rather than employ salespeople internally, many 

organizations use brokers or representative firms that act as intermediaries between providers 

and customers, thus acting as external sales representatives for providers. Outsourcing the sales 

function to intermediary firms is common in many service industries, especially when providers 

are far removed from customers and when customers prefer one stop shops where they can 

purchase services from different providers (Gallego and Talebian 2014). For example, many auto 

loan lenders issue loans strictly through external sales representatives that are employed by auto 

dealerships that control the demand for auto loans due to their proximity to end customers who 

are looking to finance vehicle purchases. 
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Given the prominence of external sales representatives in practice (Coughlan et al. 2006), 

it is surprising that the academic literature has primarily examined the behaviour of internal sales 

representatives while ignoring the behaviour of external sales representatives, thus resulting in 

two major issues that have not been addressed by the academic literature. First, external sales 

representatives often represent multiple providers that offer substitute products and/or services. 

Because of this, the sales compensation decision made by the provider needs to account for the 

competition’s incentive strategy since inferior sales incentives, relative to the competition, could 

result in a significant loss of demand (Gallego and Talebian 2014). This article accounts for 

competition while studying the behaviour of external sales representatives using an empirical 

approach, which, to our knowledge, has not been done in the academic literature to date. Second, 

external sales representatives are often granted pricing discretion due to their close proximity to 

customers and providers’ distance from customers. Therefore, understanding the interaction 

between the incentive and pricing decisions is an important consideration within the external 

sales environment. We address this important consideration by examining the provider’s 

incentive decision in light of its impact on the pricing decision made by external sales 

representatives.  

We address these two concerns, with the goal of understanding how incentives influence 

the behaviour of external sales representatives, by developing a model of external salesperson 

behaviour within the context of indirect auto lending, which involves three key decision makers. 

First, there is the focal lender (the principal) that outsources its selling and pricing activities to 

external salespeople (the agent). The primary responsibility of the lender is to decide whether a 

loan application is approved or rejected and to set the incentive strategy that will be used to 

compensate the external sales force. Second, are the external sales representatives that are 
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employed by auto dealerships and that represent numerous lenders. Their primary activities are 

to sell loans and choose an interest rate (i.e. price), from the lender provided rate sheets (i.e. 

menu of prices), to offer customers. The rate sheets provided by the various lenders have a 

discrete number of options that include an interest rate and a corresponding commission that will 

be paid to the sales representative for brokering the loan. Third, is the customer, who decides 

whether or not to accept the loan offer that is put forward by the external sales representative on 

behalf of the lender.  

Using the three-stage choice model that accounts for each of these key decision makers, 

within the indirect lending framework, we answer the following research questions: 

1. How do external salespeople that represent competing providers that sell substitute 

goods/services decide to allocate customer demand? Specifically, to what extent do 

incentives determine the provider that is selected by the external salesperson?  

2. How do external sales representatives that have been delegated pricing authority make their 

pricing decision? Do external sales agents simultaneously compare the pricing options (i.e. 

price and agent incentive combinations) that are available from multiple providers? Or do 

they use a sequential process, whereby they first select a provider and then select a specific 

pricing option from the selected provider’s pricing menu? 

3. Can incentives be used to align principal (i.e. lender) and agent (i.e. external sales 

representative) goals when it comes to the pricing decision? In other words, can adjusting 

incentives change external sales representatives’ pricing decisions in a direction that 

increases lender profitability? If so, how does the optimal commission vary as a function of 

the prices on the pricing menu (i.e. is the optimal commission linear in price, exponential in 

price, or some other function of price)? 
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With respect to these research questions, the results of our study indicate the following. 

First, while relative differences in commission rates across competitors do impact the external 

salesperson’s choice between providers, the magnitude of the impact is much smaller than 

predicted by analytical models in the literature. For example, for loans under $20,000 in region 4 

of this study, we find that a 40% decrease (increase) in current commissions, for each of the 

pricing options available from the focal lender, decreases (increases) the probability of the 

external sales agent selecting the focal lender (i.e. market share) by 1.25 (1.50) percentage 

points. In contrast, the analytical work states that all available demand will flow to the provider 

that offers the highest commission, assuming that all of the demand can be met by a single 

provider (Gallego and Talebian 2014). Second, external sales representatives use a sequential 

decision-making process when selecting a pricing option from one of the providers; the 

salesperson first decides which provider they would like to send the customer’s business to and 

then chooses one of the discrete pricing options that are available from the selected provider’s 

pricing menu. This behaviour contrasts the situation where salespeople make their pricing 

decision by simultaneously comparing all pricing options that are available from the various 

providers at the same time. Third, with respect to the impact of commission on the pricing 

decision, we find that the commission rate has a strong positive impact on the pricing decision 

once the provider has been selected. For example, for loans under $20,000 in region 4 of this 

study, a $100 increase in commission for a pricing option increases the odds of the salesperson 

selecting that pricing option, relative to other pricing options on the focal lender’s pricing menu, 

by 90.16%, on average. Given the impact of commission on the pricing decision, we find that the 

optimal commission rate increases exponentially with price in order to align salesperson 

behaviour with the lender’s goal of profit maximization. Specifically, we find that the focal 
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lender can increase return on adjusted capital (i.e. profitability) by 1.33 percentage points, while 

holding market share (i.e. the probability of the external sales agent selecting the focal lender) 

constant, by setting commission exponentially higher for options with a higher price. 

The rest of this article is organized as follows. First, we discuss how this research is 

related to the literature. Second, we discuss the institutional details and empirical setting. Third, 

we propose an empirical model and strategy. Fourth, we discuss the empirical results, beginning 

with a description of the data, and then providing the model free, estimation, and optimization 

results. Fifth, we describe the model validation results. Finally, we provide a brief discussion as 

well as concluding remarks. 

2 CONCEPTUAL DEVELOPMENT 

2.1 Relationship to the Literature 

This article contributes to two main streams of literature. The first is the sales force 

compensation literature, which is summarized in Table 1: Panel A with four main columns. First, 

the vast majority of early research in the sales force compensation literature is theoretical, mainly 

because of the lack of detailed data regarding salesperson incentives and sales (Misra and Nair 

2011). However, over the last few years, the empirical research in this domain has been 

increasing (for examples, see Brahm and Poblete 2018; Chung, Kim, and Park 2019; Kim et al. 

2019; Yang, Chan, and Thomadsen 2019), suggesting that there is an appetite for empirical 

studies within this domain of research, such as this article. Second, the existing empirical sales 

force compensation literature focuses on sales contexts that involve internal sales representatives 

that are employed by the focal firm. Although it is important to study the behaviour of internal 

sales representatives, there are many situations where providers utilize salespeople that are 
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external to the firm (e.g. brokers, representative firms), which introduces additional complexities 

that have yet to be examined using an empirical approach (for examples of theoretical work on 

external sales representatives, see Caldieraro and Coughlan 2007; Gallego and Talebian 2014). 

This paper fills this research gap by examining external salesperson behaviour in light of these 

important contextual differences. Third, selling through external sales agents involves 

salespeople that represent multiple competing providers that have different compensation 

structures, which are considered by the external sales representative when deciding how to 

allocate customer demand to the various providers that they represent. This article adds to the 

literature by examining the important case where sales representatives are able to select from 

multiple providers, thus considering the salesforce compensation decision while accounting for 

competing providers. Fourth, in practice, the salesforce compensation decision is also linked to 

other marketing mix decisions such as pricing. Even still, the vast majority of studies in the sales 

force compensation literature do not account for the interaction with the pricing decision, 

although there are a few studies that shed light on the important connection between the two. 

Specifically, Oyer (1998) and Larkin (2014) find that quota bonuses often result in timing games, 

whereby salespeople decrease pricing at the end of the year in order to pull sales in from future 

periods to bridge the gap between current performance and their annual quota in the current year. 

Additionally, Yang, Chan, and Thomadsen (2019) find that jointly discounting prices and 

increasing commissions is more profitable than using either approach alone when a sales 

representative’s sensitivity to commission is moderate. This article adds to the sales force 

compensation literature by further examining how the compensation decision is linked to the 

pricing decision when it is delegated to an external sales force. 

-- Insert Table 1 about here – 
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The second literature that this paper contributes to is the sales force pricing delegation 

literature, which is summarized in Table 1: Panel B using two main columns. First, this body of 

work is mostly theoretical, although some empirical research has been conducted more recently 

(for examples of empirical articles, see Frenzen et al. 2010; Homburg, Jensen, and Hahn 2012; 

Phillips, Şimşek, and Van Ryzin 2015). Second, both the theoretical and empirical research in 

this domain have primarily focused on two research questions: 1) what factors increase the 

likelihood of pricing delegation to the sales force? and 2) what is the effect of pricing delegation 

to the sales force on profitability? In answering these questions, the theoretical and empirical 

research in this domain find that both the likelihood and benefits of pricing delegation are 

highest when sales commission is based on gross margin (or price when marginal cost is 

constant) rather than sales revenue; however, the commission rate that is applied to gross margin 

is generally assumed to be constant in previous work. This article adds to this literature by 

empirically examining what the optimal commission rate should be, given the price that is 

selected by the salesperson (i.e. when marginal cost is constant, should commission be linear in 

price? exponential in price? Or some other function of price?).     

2.2 Institutional Details and Empirical Setting 

The empirical application takes the perspective of an indirect lender (i.e. principal) that 

sells automobile loans to prime borrowers – individuals that are considered high quality and low 

risk – through third party salespeople (i.e. agents) that are employed by automobile dealerships. 

Given this arrangement, the salesperson, who is an external salesperson that is not employed by 

the lender, is responsible for obtaining consumer consent for a credit score inquiry and for 

gathering relevant customer information such as income level and employment status on the 

lender’s behalf. Upon completing these tasks, the salesperson decides which financial institution 
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he/she would like to send the loan application to. When making this decision, the salesperson can 

choose from a multitude of lenders, each of which offer a different rate sheet, which is 

essentially a menu of prices that specifies a discrete number of interest rates (i.e. prices) that can 

be offered to the customer along with the corresponding commission that will be paid to the 

salesperson by the lender if the loan is booked. Once the loan application details – including the 

credit score, customer information, and price that was selected by the external salesperson – are 

received by the lender, the lender must decide whether or not to approve the loan application. 

The approval decision is then sent through the online portal to the external salesperson, and if the 

loan is approved, the salesperson is then able to offer the loan to the customer at the price that 

was selected and submitted as part of the loan application process by the salesperson. Finally, 

once the offer is made to the customer, he/she either accepts the loan offer at the price that is 

quoted or walks away from the loan offer, thus forfeiting the purchase of the vehicle altogether 

(Phillips and Solutions 2012; Phillips 2005). 

With respect to the external salesperson’s compensation, they are paid on a 100% 

commission basis. Specifically, the commission that is earned by the external sales 

representatives is from the lender for brokering the loan, which is the focus of this empirical 

research since the data the we use is provided by a lender, as well as a commission from the 

dealership owner for any additional addons that are sold to the customer. For example, the 

salesperson earns a commission from the dealership owner for selling credit insurance, extended 

warranty, rust-proofing, fabric protection, paint protection; however, they do not receive a 

commission on the car sale itself since there is a segregation of duties at automobile dealerships 

(i.e. there are vehicle salespeople and “add-on” salespeople). 
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Given this empirical context, it is important for any effort to model the indirect lending 

process to account for each of the three party’s behaviour, including that of the lender, external 

salesperson, and customer. Furthermore, since the salespeople are external and, thus, represent 

multiple lenders selling identical products, the model, as well as the optimization, should account 

for the possibility that the external sales agent may elect to send the customer’s business to a 

competing lender, which would decrease profit for the focal lender. We incorporate these ideas 

into the model specification, which we describe next in Section 3. 

3 MODEL DEVELOPMENT 

 The model framework accounts for three key decision makers that are involved in the 

indirect lending context: 1) the external sales agent who must select a rate sheet option from one 

of the lender provided rate sheets, 2) the lender who must then decide whether to approve the 

loan application, and 3) the customer who must decide whether to accept the loan offer. We 

describe the model for each of these decisions, outline the method of estimation, and explain the 

optimization approach in Sections 3.1 to 3.4.  

3.1 The External Sales Agent Decision 

The indirect lending framework begins with the external sales agent (denoted by the 

superscript A), who must select one of the ! customer rate/agent incentive options from one of 

the competing lenders’ rate sheets. We represent this choice between the ! rate sheet options for 

loan applicant " by: 

!!
" = #

1,
⋮
',

 
If the sales agent selects rate sheet option 1 for loan applicant (  
 
If the sales agent selects rate sheet option ' for loan applicant ( 
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where, #!
" is the realization of a multinomially distributed random variable $!" that takes the 

value of % with a probability of )#$% , * = 1,… , ' and )#&% + )#'
% +⋯+ )#(

% = 1. We assume that the 

! alternatives available to the external sales agent are partitioned into & non-overlapping subsets 

(i.e. nests), which we denote as '&, … , '). In other words, we assume that the external sales 

agent makes a sequential decision, first selecting the lender and then choosing a rate sheet option 

from that chosen lender. We set the number of nests equal to two (& = 2) under the assumption 

that the focal lender’s rate sheet options fall within nest one ('&) and the competitor’s rate sheet 

options are contained within nest two ('').  

When choosing between the ! rate sheet options that are available to the external sales 

agent for offer to loan applicant ", the external sales agent maximizes his/her utility, -#$% , which 

we model using the linear function in Equation (1). 

.!#
" = /0$

"1$!#
"

%

$&'

+ 2!#
"  (1) 

We include ∑ .*
"/*!+",

*=1 , which is a deterministic component of the sales agent’s utility function 

when the sales agent selects rate sheet option % for loan applicant ". Here, //#$%  represents the 

0 = 5 observed independent variables, conditional on rate sheet option % being selected for loan 

applicant " – including the probability of sale (which is the output from the lender choice model 

described in Section 3.2 multiplied by the output from the customer response model described in 

Section 3.3), agent incentive, as well as the interaction between agent incentive and income, 

agent incentive and age, and agent incentive and an indicator variable for new vehicles – and ./% 

is the parameter that measures the impact of the independent variable //#$%  on the external sales 

agent’s utility. To account for other factors that impact the external sales agent’s decision but are 

unobserved and not captured in the data, we include a random component of the sales agent’s 
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utility, 2#$% . We assume that the distribution of each error term, 2#$% , is univariate extreme value 

and that the error terms are correlated within nests, but uncorrelated across nests, allowing us to 

specify the probability of the external sales agent selecting rate sheet option % ∈ '0 with a nested 

logistic formulation as in Equation (2): 

4!
"(!!

" = *) =
789	((∑ 0$

"1$!#
"%

$&' )/<()(∑ 789	((∑ 0$
"1$!)

"%
$&' )/<()))∈+!

,!-'

∑ (∑ 789	((∑ 0$
"1$!)

"%
$&' )/<.)))∈+"

,"/
.&'

 (2) 

where 4 ∈ '0 represents the rate sheet options within nest 5, and 61 measures the degree of 

independence between the error terms of the alternatives within nest 5. Therefore, higher values 

for 61 signify greater independence and less correlation between the error terms for the 

alternatives in nest 5.    

Modeling the external sales agent’s choice in this way, allows us to write the likelihood 

for loan applicant " and log-likelihood over the whole sample of 7 loan applicants as in 

Equation (3) and Equation (4), respectively.  

=! =>4!
"(!!

" = *)0[2#
$&#]

4

#&'

 (3) 

==(0", <) = //?[!!
" = *]	ln	[4!

"(!!
" = *)]

4

#&'

5

!&'

 (4) 

Here, 8[∙] is an indicator function that equates to one if the argument in the squared bracket is 

true and zero if it is false. To calibrate the model, we use maximum likelihood estimation by 

maximizing Equation (4) with respect to the ." and 6. 

3.2 The Lender Decision 

After the external sales agent selects a rate sheet option from one of the competing lenders, 

he/she then submits the loan application to the selected lender. If the focal lender is selected, the 
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loan enters the focal lender’s (denoted by the superscript L) adjudication process in order to 

determine whether the loan application will be approved. We represent the approval decision 

regarding each of the < loan applicants that are submitted to the focal lender as in: 

!6
7 = D	

		1,
		0,

 if	loan	applicant	M	is	approved by the focal lender  
Otherwise 

   
where, #2

3  is the realization of a binomially distributed random variable $23  that takes the value 

of one with a probability of )45  and zero with a probability 1 − )45  as in Equation (5). 

4(V6
7 = !6

7 ) = )6
7 2%

&
(1 − )6

7 )'-2%
&  (5) 

When making the loan approval decision, the focal lender compares its latent utility from 

two options: approving the loan application and rejecting the loan application. We model the 

focal lender’s utility using the linear specification in Equation (6): 

-45 =? 08
918:

9
;

8=1

+?X>
9Y>:

9
?

>=1

+ 2:
9  (6) 

The focal lender’s utility function in Equation (6) includes three components. The first 

component, ∑ .1
3/1236

1=1 , is a deterministic component of the focal lender’s utility for loan 

applicant @, where /045  represents the & = 8 observed independent variables for loan applicant 

@ – including customer risk class, loan to value ratio (LTV ratio), income, loan amortization, a 

binary indicator for new vehicles, age, gender, and employment type – and .05 represents the 

parameter that measures the impact of independent variable /045  on the focal lender’s utility. The 

second component, ∑ B7
3C7238

7=1 , is also a deterministic component of the focal lender’s utility 

for loan applicant @, where C945  represents the D = 2 control variables for loan applicant @, 

including customer region and vehicle manufacturer, and where B95 represents the parameter that 

measures the impact of the control variable C945  on the utility of the focal lender. The third 



 

 84 

component, 245 , is a random component of the focal lender’s utility, which varies by loan 

applicant @ as a result of factors that impact the focal lender’s decision but are unobserved and 

not captured in the data. We assume that this random component is identically distributed 

following a Weibull (i.e., extreme value) distribution, which allows us to specify the probability 

of the focal lender approving loan application @ with a logistic formulation as in Equation (7): 

46
7(!6

7 = 1) =
789	(∑ 0(

71(6
7/

(&' +∑ X@
7Y@6

7@
A&' )

1 + 789	(∑ 0(
71(6

7/
(&' +∑ X@

7Y@6
7@

A&' )
 (7) 

Given this modeling approach, the likelihood for loan applicant @ and the log-likelihood 

for the whole sample of < loan applicants at the focal lender is written as in Equation (8) and 

Equation (9), respectively. 

=6 = 46
72%

&
(1 − 46

7)'-2%
&  (8) 

==(07 , X7) = / ln	[46
72%

&
(1 − 46

7)'-2%
&
]

B

6&'

 (9) 

To calibrate the model using maximum likelihood estimation, we then maximize Equation (9) with 

respect to the .3 and B3. 

3.3 The Customer Decision 

If the focal lender approves the loan application, the external sales agent then offers the 

loan to the customer (denoted with the superscript C), who then chooses to either accept or reject 

the loan offer. We represent the customer accept decision for each of the 8 approved customers at 

the focal lender as in: 

!C
D = D	

		1,
		0,

 If approved customer	Z	accepts the loan offer  
Otherwise 

   
where, #:

; is the realization of a binomially distributed random variable $:; that takes the value of 

one with a probability of E<=  and zero with a probability 1 − E<= , as in Equation (10). 
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4(VC
D = !C

D) = )C
D2'

(
(1 − )C

D)'-2'
(
 (10) 

When deciding to accept or reject the loan offer, the customer compares his/her latent 

utility under both scenarios and opts for the decision that maximizes utility, -<= , which we model 

using the linear specification in Equation (11).  

-<= =?0E
F1EG

F
H

E=1

+?XI
FYIG
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J

I=1
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F (11) 

We include ∑ .>
;/>:;?

>=1  in the utility function, which is a deterministic component of approved 

customer F’s utility. Here, /@<=  represents the G = 12 observed independent variables for 

approved customer F – including customer risk class, time at terminal (TAT), income, loan 

amortization, a binary indicator for new vehicles, customer rate, age, gender, and employment 

type as well as interaction terms between customer rate and region, customer rate and risk class, 

and customer rate and the new vehicle indicator variable – and .@=  represents the parameter that 

measures the impact of the independent variable /@<=  on the customer’s utility. Additionally, we 

include a second deterministic component of the customer’s utility, ∑ BA
;CA:;B

A=1 , to control for 

other observed factors. Here, CC<=  represents the H = 2 control variables for approved customer 

F, including customer region and vehicle manufacturer, and BC=  represents the parameter that 

measure the impact of control variable CC<= 	on the utility of the approved customer. To account 

for other factors that impact the customer’s decision, but are unobserved and not captured in the 

data, we include a random component of the customer’s utility, 2<= , which we assume is 

identically distributed following a Weibull (i.e., extreme value) distribution, thus allowing us to 

specify customer F’s loan acceptance probability with a logistic formulation as in Equation (12): 

4C
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Modeling the customer choice in this way then allows us to write the likelihood for 

approved customer F and log-likelihood over the whole sample of 8 approved customers as in 

Equation (13) and Equation (14), respectively.  

=C = 4C
D2'

(
[1 − 4C

D\
'-2'

(
 (13) 

==(0D , XD) =/ln	[4C
D2'

(
[1 − 4C

D\
'-2'

(
]

0

C&'

 (14) 

The model is then calibrated using maximum likelihood estimation by maximizing Equation (14) 

with respect to .; and B;. 

3.4 Agent Incentive Optimization 

After estimating the three-stage model in Sections 3.1 to 3.3, we optimize the agent 

incentive, J8D, for each of the K rate sheet options from the focal lender’s rate sheet, which vary 

by region and loan group, by maximizing the objective function in Equation (15), subject to the 

constraints in Equation (16) and Equation (17). 

∏ =P
QR!

∑ QR!"
!#$

×
[∑ UVRW!% × ?!&(Y!& = Z) × ?!'(Y!' = 1) × ?!((Y!( = 1)])

%#$
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×
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 (15) 
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" = ])]

^&'
5
!&'

^
≥ `abc7d	eabf7d	gℎab7 (16) 

0.0025 ≤ m?̂ − m?̂ -' ≤ 0.0095 (17) 

 

Here, ∏ is profit (return on adjusted capital), !"#$!" = [(()$!" × #+! − -#!) + -+! − -0 −

()0 × $!) − (#"" × -#!) − 01! − +0] × (1 − $0) is the net interest after tax for loan applicant " 

when offered rate sheet option L out of the K available rate sheet options from the focal lender, 

MJ is the financed amount, CF is the capital factor (equal to .0658), D<N is the monthly loan 

payment, JO is the amortization in months, MO is the fee revenue, MP is the fixed cost of issuing 
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a loan, <P is the marginal cost of the loan, N is the term of the loan, P' is the additional bonus 

that is paid by the lender as a commission for the sales agent booking customers that are in risk 

tiers 1 and 2, OP is the cost of the rewards program, NP is the tax rate, and the 

Q4RSTQ	@4R5TQ	Uℎ4RT is set to the current market share. In other words, we optimize the agent 

incentive for each rate sheet option by maximizing profit (Equation (15)) subject to the 

constraints that market share be greater than or equal to the current market share (Equation (16)) 

and that the difference between incentives for sequential rate sheet options be less than or equal 

to 0.95% and greater than or equal to 0.25% (Equation (17)). Since the focal lender tracks ROAC 

by region and loan grouping (loan group 1 = loans < $20,000, loan group 2 = loans ≥ $20,000 

and < $30,000, loan group 3 = loans ≥ $30,000 and < $40,000, and loan group 4 = loans ≥ 

$40,000), we subset the dataset into 16 subsets (1 for each region/loan group combination) and 

run the optimization on each subset, thus resulting in 16 optimized rate sheets.    

 We accomplish this by coding the optimization in AMPL (A Mathematical Programming 

Language) and using the ipopt (Interior Point OPTimizer) solver. Ipopt requires the modeler to 

code a non-linear optimization problem, including an objective function (such as that in Equation 

(15)) and constraint function (such as that in Equation (16) and Equation (17)), and finds a local 

solution to the problem using a primal-dual interior-point algorithm with a filter line-search 

method (Wächter and Biegler 2006).   

4 EMPIRICAL ANALYSIS 

4.1 Data 

The empirical analysis is performed using a dataset provided by a large financial 

institution in North America that offers indirect automobile loans to customers through third 
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party sales agents (i.e. sales agents that are employed by auto dealerships). This dataset includes 

589,714 loan applications, which were submitted to the focal lender between December 2016 

and August 2018. Of these loan applications, the focal lender approved 257,872 (43.7% of total 

applications) and booked 162,694 (27.6% of total applications). For the analysis, we use 

continuous variables including loan to value ratio (LTV ratio), income, amortization, age, 

customer rate, time at terminal (TAT), financed amount, term, and credit quality bonus, which 

are defined and summarized in Table 2. Additionally, we use the categorical variables including 

lender approval indicator, region, risk tier, new vehicle indicator, gender, employment type, 

booked indicator, loan group, and vehicle manufacturer, which are summarized in Table 3. 

-- Insert Table 2 about here – 

-- Insert Table 3 about here – 

While the dataset accounts for all loan applications that were submitted to the focal 

lender over the period covered by the dataset, it does not include loan applications that were 

submitted to competing lenders. To account for this, we construct an additional dataset using the 

competing lender’s monthly rate sheet (i.e. customer rate and agent incentive combinations) as 

well as industry application statistics, which provide the total count of automobile loan 

applications that were submitted to competing lenders by month and region. Specifically, we 

construct this data by sampling from the main dataset (with replacement), specifying the size of 

the sample in accordance with the number of applications that were submitted to competing 

lenders in each region by month. Once this sampling is complete, the competing lender’s rate 

sheet is then appended to the sampled observations to create a simulated dataset of 2,659,086 

loan applications, which represents the loan applications that were sent to competing lenders 

from December 2016 to August 2018.          
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4.2 Model Free Evidence 

Before providing the model estimation results, we begin by examining the model free 

evidence in relation to each of the three stages within the indirect lending context. This process 

starts with the external sales agent, who must select a customer rate and agent incentive 

combination from one of the competing lenders’ rate sheets for offer to the customer. When 

making this decision, one factor that is expected to influence the sales agent’s behaviour is the 

agent incentive. To test this idea, we plot the number of times that each of the rate sheet options 

are selected as a percentage of the total number of times that the option is available to the sales 

agent. As evident in Figure 1, sales agents prefer higher rate sheet options, suggesting that agent 

incentive is one factor that drives external sales agent behaviour since higher rate sheet options 

are associated with higher agent incentives (See Table 4 for descriptive statistics of the rate sheet 

options).  

-- Insert Figure 1 about here – 

-- Insert Table 4 about here -- 

Once the external sales agent selects a rate sheet option from one of the lenders, the loan 

application is then submitted to the lender through an online portal. One of the factors that is 

expected to influence the lender’s approval decision is the customer’s risk, which is measured by 

the focal lender using a proprietary classification method that categorizes applicants into four 

different risk tiers based on the customer’s credit score; the level of risk increases from risk tier 1 

to risk tier 4. To glean insight into the effect of this factor on the approval decision, we plot the 

rate of approval for each of the four risk tiers. As seen in Figure 2, the rate of approval is 11.25% 

higher for tier 1 customers compared to tier 2 customers (p-value <2.2e-16), 39.37% higher for 

tier 2 customers compared to tier 3 customers (p-value <2.2e-16), and 37.41% higher for tier 3 
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customers compared to tier 4 customers (p-value <2.2e-16), demonstrating that lenders have a 

strong preference for less risky customers when deciding whether to approve a loan application. 

-- Insert Figure 2 about here -- 

  Finally, after a rate sheet option is selected by the external sales agent and the lender has 

approved the loan, the loan offer is then presented to the customer, who must decide whether or 

not to accept it. When making this decision, the customer will consider a multitude of factors; 

however, one factor that is expected to have a substantial influence on the customer’s decision is 

the customer rate. To determine whether there is a correlation between customer rate and loan 

acceptance, we plot customer acceptance as a function of customer rate in Figure 3, which 

demonstrates that customer acceptance drops when the customer rate increases, thus highlighting 

the importance of customer rate on the customer’s decision. 

-- Insert Figure 3 about here --  

4.3 Model Estimation Results: Drivers of Customer, Lender, and External Sales 

Agent Decisions 

Given the preliminary insight from the model free evidence, we now discuss the model 

estimation results, quantifying the impact of various factors on each of the three decisions made 

within the indirect lending framework, starting with the customer, then the lender, and finally the 

external sales agents. Although not directly related to the research questions posed in this article, 

it is important to understand how customers and lenders make their decisions since both of these 

decisions are accounted for by the sales agent when making his/her decision. In other words, in 

order to understand the decision-making process used by external sales agents, which is the focus 

of this article, we must also understand the decisions made by customers and lenders since the 

sales agent’s behaviour is contingent on their expectation regarding these decisions.   
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4.3.1 Customer Choice Model Estimation Results 

Beginning with the customer choice model results, which we highlight in Table 5, we 

find that various customer demographic factors influence the customer’s decision to accept or 

reject a loan offer. First, a customer’s risk tier impacts his/her decision to accept a loan, with the 

odds of customer acceptance increasing by 58.01% (. = .457, Z[ = .07109) for tier 2 

customers, decreasing by 59.28% (. = −.898, Z[ = .09211) for tier 3 customers, and 

decreasing by 67.48% (. = −1.123, Z[ = .16859) for tier 4 customers, compared to tier 1 

customers. Thus, holding all else constant, less risky customers are more likely to accept loan 

offers from the focal lender. Second, the results indicate that income and age impact the 

customer accept decision since each $1,000 increase in monthly income decreases the odds of 

customer acceptance by 3.27% (. = −.000, Z[ = .00000) and each 10 year increase in age 

increases the odds of customer acceptance by 9.71% (. = .009, Z[ = .00034). Third, we find 

regional differences, with customers from regions 2, 3, and 4 being more likely to accept loan 

offers from the focal lender compared to customers in region 1; the odds of customer acceptance 

are 326.11% (. = 1.450, Z[ = .10684) higher for customers in region 2, 14.11% (. =

.132, Z[ = .08848) higher for customers in region 3, and 85.93% (. = .620, Z[ = .07777) 

higher for customers in region 4, relative to those in region 1. Fourth, we find that an individual’s 

employment status influences his/her loan offer acceptance behaviour. Specifically, the odds of a 

customer accepting a loan offer increase by 32.58% (. = .282, Z[ = .03619) when employed 

part time, increase by 19.86% (. = .181, Z[ = .06629) when employed seasonally, decrease by 

19.37% (. = −.215, Z[ = .02126) when retired, and decrease by 14.98% (. = −.162, Z[ =

.04029) when self-employed, compared to being employed full-time. 

-- Insert Table 5 about here –   
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In addition to the effect of customer demographics, we also find that loan characteristics 

influence customers’ loan acceptance behaviour. Specifically, we find that the odds of customer 

acceptance decreases by 15.18% (. = −.014, Z[ = .00033) for every 1-year increase in 

amortization, 17.33% (. = −.003, Z[ = .00011) for every 1-hour increase in the time at 

terminal, and 69.03% (. = −1.172, Z[ = .07154) when the vehicle is new rather than used. 

More important, the results suggest that customer rate has a significant impact on customer 

behaviour, confirming the model free evidence in Section 4.2, although the impact of customer 

rate on customer acceptance varies as a function of the customer’s risk tier, region, and whether 

the vehicle is new or used. Specifically, the findings indicate that a 1% increase in customer rate 

decreases the odds of customer acceptance by 23.67% (. = −27.011, Z[ = 1.23894) when the 

customer resides in region 1, is classified into risk tier 1, and is purchasing a used vehicle (i.e. 

the impact for base level customers). However, this negative impact is 3.93 percentage points 

(. = −5.288, Z[ = 1.15544) larger for tier 2 customers, 2.56 percentage points (. =

3.293, Z[ = 1.47607) smaller for tier 3 customers, and 3.43 percentage points (. =

4.391, Z[ = 2.65125) smaller for tier 4 customers, demonstrating that riskier customers are less 

price sensitive. We also find that the negative impact of customer rate is 13.35 percentage points 

(. = −19.221, Z[ = 1.74131) larger for customers in region 2, 1.57 percentage points (. =

2.030, Z[ = 1.44509) smaller for customers in region 3, and 10.48 percentage points (. =

−14.770, Z[ = 1.25079) larger for customers in region 4, indicating that certain regions are 

more price sensitive than others. Finally, we find that the negative impact of a 1% increase in the 

customer rate on the odds of the customer accepting a loan offer is 15.24 percentage points (. =

18.207, Z[ = 1.16674) smaller for customers that are buying a new vehicle, demonstrating that 

customers that buy used cars are more price sensitive. 
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4.3.2 Lender Choice Model Estimation Results 

Next, the model estimation results for the lender’s decision to approve or reject a loan 

application, which are provided in Table 6, demonstrate the important role that customer risk 

plays in determining whether a loan application will be approved. First, the parameter estimates 

demonstrate that the focal lender is more likely to approve customers from less risky tiers, 

confirming the model free evidence in Section 4.2. Specifically, the odds of the focal lender 

approving tier 2, 3, and 4 customers, respectively, are 49.29% (. = −0.679, Z[ = 0.01450), 

91.57% (. = −2.473, Z[ = 0.01475), and 99.61% (. = −5.536, Z[ = 0.01732) lower than 

the odds of the focal lender approving tier 1 customers. Second, the extent to which the loan is 

leveraged influences the approval decision since a 0.1 increase in the LTV ratio decreases the 

odds of approval by 16.82% (. = −1.842, Z[ = 0.01365). Third a $1,000 increase in customer 

monthly income increases the odds of approval by 5.21% (. = 0.000, Z[ = 0.00000), likely 

because customers with higher incomes should be able to service their debt more easily. Fourth, 

customers with less risky employment (i.e. full-time) are more likely to be approved than 

customers with more risky employment (i.e. part-time, retired, seasonal, and self-employed). 

Specifically, the odds of approval decrease by 35.21% (. = −0.434, Z[ = 0.03231) for part-

time employees, 18.37% (. = −0.203, Z[ = 0.02170) for retired individuals, 16.10% (. =

−0.176, Z[ = 0.06070) for seasonally employed individuals, and 37.31% (. = −0.467, Z[ =

0.03949) for self-employed individuals, compared to full-time employed individuals. 

-- Insert Table 6 about here –        

In addition to customer risk, lenders also consider demographic, loan, and vehicle 

characteristics. Precisely, the odds of approval decreases by 11.73% (. = −0.010, Z[ =

0.00033) for every additional year in amortization, decreases by 17.00% (. = −0.186, Z[ =
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0.01149) when the vehicle is new vs used, decreases by 1.60% (. = −0.002, Z[ = 0.00032) 

for every 10-year increase in age, and increases by 3.35% (. = 0.033, Z[ = 0.00925) for male 

customers. Likewise, approval varies by region since the odds of approval are 121.80% (. =

0.797, Z[ = 0.01506) higher in region 2, 49.08% (. = 0.399, Z[ = 0.01286) higher in region 

3, and 21.70% (. = −0.245, Z[ = 0.01046) lower in region 4, compared to the odds of 

approval in region 1. 

4.3.3 External Sales Agent Choice Model Estimation Results 

Finally, and most important for answering the research questions posed in this article, we 

examine the external sales agent’s decision to select a rate sheet option (i.e. price and 

corresponding commission) from one of the competing lenders’ rate sheets (i.e. menu of prices 

and corresponding commissions). We first assess whether external sales agents choose a rate 

sheet option from one of the lenders’ rate sheets using a sequential or simultaneous decision-

making process. In other words, do external sales agents first select a rate sheet from a specific 

lender and then a rate sheet option from that lender’s rate sheet? Or do external sales agents 

simultaneously assess all rate sheet options across the various lenders’ rate sheets when making 

their selection? To address this question, we estimate the external sales agent’s decision using a 

nested logit approach, as described in Section 3.1, and using a multinomial logit approach, which 

is a constrained version of the nested logit model with the log sum coefficient (i.e. lambda) for 

each nest set to 1. As seen in Table 7, the nested logit model fits the data better than the 

multinomial logit model in all regions since the AIC and BIC are lower (e.g. region 2: AIC = 

229,418 vs 230,916 and BIC = 229,460 vs 230,952) and since we reject the null hypothesis that 

both log sum coefficients are equal to 1 using a chi-squared test of model significance (e.g. 

region 2: `'(2) = 1,502, b < 0.01). This finding indicates that external sales agents use a 
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sequential decision-making process, rather than a simultaneous decision-making process, when 

choosing a rate sheet option (i.e. when making the pricing decision), thus answering the second 

research question posed in this article. 

-- Insert Table 7 about here –       

Given that the nested logit model is more representative of external sales agent 

behaviour, we provide the estimation results for the nested logit model in Table 8 and the chi-

squared tests of model significance in Table 9, which was conducted to assess the statistical 

significance of each predictor variable. Beginning with the log sum coefficient values (i.e. 

lambda for both the focal lender and competition nests), the error terms are highly correlated 

within each nest (i.e. rate sheet), as indicated by the very low coefficient of 0.1. This low 

coefficient value not only provides further support for the use of a nested logit rather than a 

multinomial logit model but also provides further insight into the behaviour of external sales 

agents with respect to how they make their selection from the various rate sheet options from the 

competing lenders’ rate sheets, and, consequently, how they allocate customer demand. 

Specifically, this result suggests that changes to the commission rate for one of the focal lender’s 

rate sheet options will have a larger impact on the odds of the external sales agent selecting that 

rate sheet option relative to others on the focal lender’s rate sheet, in comparison to the odds of 

selecting that rate sheet option relative to an option on the competing lender’s rate sheet. In other 

words, external sales agents are more likely to substitute rate sheet options within a rate sheet 

(i.e. within nest) rather than across rate sheets (i.e. across nests), which is aligned with the 

sequential decision-making process that is used by external sales agents. 

-- Insert Table 8 about here –   

-- Insert Table 9 about here –  
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To illustrate the significance of this point, with respect to the impact of commission on 

the demand allocation decision, we run a sensitivity analysis with three scenarios: 1) sales agent 

incentives from the focal lender are 40% lower than their current values, 2) sales agent incentives 

from the focal lender are held at current values, and 3) sales agent incentives from the focal 

lender are 40% higher than their current values, using both a nested and multinomial logit 

approach. As seen in Figure 4 Panel A and Panel B, which provide the sensitivity analysis results 

for loans under $20,000 (i.e. loan group 1) in region 4, substitution across nests (compared to 

within nest) is predicted to occur much less often when modeling the external sales agent’s 

decision using a nested logit model (lambda = 0.1) rather than a multinomial logit model (lambda 

= 1.0), thus indicating that the demand allocation decision (i.e. market share) is less sensitive to 

external sales agent incentive decisions made by the focal lender when sales agents use a 

sequential decision making process (i.e. nested), rather than a simultaneous decision making 

process (i.e. multinomial). Specifically, when using a nested logit approach, we find that 

decreasing (increasing) the focal lender’s current commissions by 40% decreases (increases) the 

probability of the external sales agent allocating demand to the focal lender by 1.25 (1.50) 

percentage points, which is economically meaningful but smaller than predicted by the analytical 

literature. This finding answers the first research question posed in this article and contrasts the 

assumption in the analytical literature, which states that all customer demand will be allocated to 

the provider with the highest commissions (Gallego and Talebian 2014).  

-- Insert Figure 4 about here –         

Next, the results indicate a positive intercept for the competition, suggesting that external 

sales agents have a strong preference for the focal lender’s competition. The magnitude of this 

preference is quite large since the odds of the sales agent selecting a rate sheet option from the 



 

 97 

competition are 377.64% (. = 1.564), 174.20% (. = 1.009), 347.01% (. = 1.497), and 

423.57% (. = 1.656) higher than the odds of the sales agent selecting a rate sheet option from 

the focal lender in region 1, 2, 3 and 4, respectively. Combining this result with those from the 

sensitivity analysis provides insight into how sales agents select a specific lender’s rate sheet (i.e. 

demand allocation decision). However, it is also important to understand how incentive, and 

other factors, impact the odds of the external sales agent selecting a specific rate sheet option 

from the chosen lender’s rate sheet (i.e. pricing decision).  

Beginning with the first statistically significant factor that impacts the sales agent’s rate 

sheet option selection, we find that, on average, larger commissions increase the odds of a rate 

sheet option being selected, thus confirming the model free evidence in Section 4.2. However, 

we also find that this impact varies as a function of region, loan size (i.e. loan group), 

demographics (age and income), and whether the vehicle is new or used. Using the results for 

region 4 for illustrative purposes, a $100 increase in agent incentive increases the odds of the 

sales agent selecting a rate sheet option, over another option within that rate sheet, by 90.16% 

(. = 0.645), 41.29% (. = 0.349), 19.66% (. = 0.183), and 8.40% (. = 0.087) for loans in 

group 1, 2, 3, and 4, respectively. This result suggests that commission can be used to 

substantially alter sales agent pricing decisions, thus providing partial insight into the third 

research question posed in this article. However, this impact corresponds to situations where the 

external sales agent is choosing a rate sheet option for customers that are of average age (37, 37, 

39, and 40 for loan groups 1, 2, 3, and 4, respectively), that earn an average monthly income 

($4692, $5079, $5488, $6886 for loan groups 1, 2, 3, and 4, respectively), and that are 

purchasing a used vehicle. Changing the value for one of these variables, while holding the value 
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for all other variables at their average values, provides further insight into how the effect of sales 

agent incentive on the rate sheet option decision varies.  

For example, when a sales agent from region 4 is selecting a rate sheet option for a 

customer that is 80 years old, the impact of incentive on the external sales agent’s rate sheet 

option choice is larger than average. In this scenario, the effect of a $100 increase in agent 

incentive on the odds of sales agent choice increases to 91.32%, 42.13%, 20.36%, and 9.02% for 

loans in group 1, 2, 3, and 4, respectively. In contrast, the impact of incentive on the odds of 

sales agent rate sheet option choice is smaller than average when a region 4 sales agent is dealing 

with an individual that earns a higher salary ($10,000 per month) since the effect of a $100 

increase in incentive on the odds of sales agent choice decreases to 88.46%, 40.12%, 18.75%, 

and 7.83% for loan groups 1, 2, 3, and 4, respectively. Similarly, albeit more drastically, when a 

region 4 sales agent is selecting a rate sheet option for an average individual that is purchasing a 

new vehicle, the effect of agent incentive on the odds of sales agent choice decreases 

substantially compared to the average impact. In this scenario, the effect of a $100 increase in 

incentive on the odds of sales agent choice decreases to 75.58%, 30.45%, 10.48%, and 0.09% for 

loan groups 1, 2, 3, 4, respectively. As this illustration suggests, the impact of sales agent 

commission on the rate sheet option decision is positive, although the magnitude of the effect on 

the external sales agent’s decision depends on other critical factors including loan size, customer 

demographics (age and income), and whether the vehicle is used or new.  

In addition to the effect of incentive varying as a function of age, income, and loan group, 

the effect also varies by region. First, on average, the effect of commission on sales agent rate 

sheet option choice is largest in region 4 and smallest in region 3. Specifically, for sales agents in 

region 3, an increase in the commission by $100 increases the odds of the sales agent selecting a 
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rate sheet option, relative to other options on that rate sheet, by 57.52% (. = 0.450), 21.92% 

(. =0.193), 7.46% (. = 0.066), and 3.23% (. =0.025) for loan groups 1, 2, 3, and 4, 

respectively, assuming that the customer is purchasing a used vehicle, is of average age (40, 40, 

39, and 41 for loan groups 1, 2, 3, and 4, respectively), and is earning an average salary ($3736, 

$4239, $4579, and $5542 for loan groups 1, 2, 3, and 4, respectively). Second the parameter for 

the interaction between incentive and age differs across regions. While the interaction is positive 

for region 4 (. = 0.000), it is negative for regions 1 through 3 (. = −0.001, . = −0.000, . =

−0.000), indicating that the magnitude of the effect of commission on sales agent’s rate sheet 

option choice is decreased, rather than increased, in these regions when the age of the individual 

increases (although the effect is not significant for region 3). Third, although the interaction 

between incentive and income is negative for region 4 (. = −0.017) and region 2 (. =

−0.027), it is positive for region 1 (. = 0.004) and region 3 (. = 0.014), indicating that the 

magnitude of the effect of incentive on the sales agent’s rate sheet option decision increases with 

income in these latter regions (although the effect is not significant in region 1). 

Thus far, the results indicate that sales agents are, on average, more likely to select rate 

sheet options that are associated with larger incentives; however, rate sheet options not only 

differ with respect to the commission that will be paid but also differ with respect to the interest 

rate (i.e. price) that the customer will be charged, which has a negative impact on the probability 

of customer acceptance (as described in Section 4.3.1) and, consequently, probability of sale 

(defined as the probability of loan approval multiplied by the probability of customer 

acceptance). Since the effect of probability of sale is positive on sales agent rate sheet option 

selection, external sales agents balance the desire for high incentives and the desire to close the 

sale when selecting a rate sheet option on the selected lender’s rate sheet. Like the effect of 
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incentive, the effect of probability of sale is significant for all regions and varies as a function of 

loan amount and region, with the effect being largest for region 1 and smallest for region 4. For 

example, in region 1, the odds of sales agent rate sheet option selection increases by 18.85% 

(. = 1.727) for every 1% increase in probability of sale for loans under $20,000 and by 15.82% 

(. = 1.468) for loans over $40,000. On the other hand, in region 4, the odds of sales agent rate 

sheet option selection increase by 6.23% (. = 0.604) for loans under $20,000 and by 6.12% 

(. = 0.594) for loans over $40,000. 

To summarize the results of the external salesperson choice model, we now explicitly 

link the results to the research questions posed in this article. Beginning with the second research 

question, we find that external sales agents use a sequential decision-making process, first 

selecting a lender’s rate sheet and then a specific option from the selected rate sheet. Regarding 

the first research question, we find that external sales agents are much more likely to substitute 

options within a rate sheet rather than across rate sheets (i.e. low log sum coefficient values), 

suggesting that the effect of commissions on the demand allocation decision may be somewhat 

limited. We confirm this using a sensitivity analysis, for loans under $20,000 in region 4, finding 

that a 40% decrease (increase) in commissions decreases (increases) the probability of the 

external sales agent allocating demand to the focal lender by 1.25 (1.50) percentage points, a 

result that, while still economically meaningful, is much smaller than the expectations set by the 

analytical literature. Finally, with respect to the third research question, we find that the odds of 

selecting a rate sheet option on a rate sheet are positively impacted by commission but negatively 

impacted by price, due to the impact that price has on the probability of sale. We also find that 

the effect of commission on rate sheet option selection varies by region, loan amount, 

demographics, and whether the vehicle is new or used. Combining these latter two points 
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suggests that optimizing sales agent commission for each rate sheet option (i.e. for each price 

point) is not straightforward. Thus, while the estimation results provide initial support for 

commissions as a tool for adjusting external sales agent’s pricing decisions, we conduct an 

optimization, as described in Section 3.4, to more thoroughly answer the third research question 

posed in this article. We discuss the results of this optimization next.        

4.4 Optimizing Agent Incentive by Price 

Given the estimation results, we optimize the commission for each of the of the pricing 

options that are available on the focal lender’s rate sheet by maximizing Equation (15) while 

satisfying the constraints in Equation (16) and Equation (17). To capture differences across 

regions and loan groups, we run the optimization on 16 subsets of the data (1 for each 

combination of region and loan group), thereby creating 16 optimized rate sheets. As discussed 

in Section 3.1, we optimize the agent commission for each rate sheet option under the 

assumption that there are two nests, one for the focal lender’s pricing options and one for the 

competition’s pricing options. 

The complete results of the optimization are available in the Appendix, which displays 

the current commission and optimized commission by pricing option as well as the predicted 

probability of sales agent choice across these pricing options under both scenarios. The results 

for the majority of region and loan group subsamples indicate that the optimal commission 

strategy is to exponentially increase the commission rate with each increase in price (see Figure 

5), thus answering the third research question posed in this article. In other words, relative to the 

current commission strategy, the optimal strategy in most region and loan group subsamples is to 

reduce the agent incentive paid on rate sheet options with lower customer rates (e.g. option 1 

through 8) and increase the agent incentive paid on rate sheet options with higher customer rates 
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(e.g. option 9 through 11) (See Table 10 for an example of this strategy). In doing so, the focal 

lender can shift the external sales agent’s behaviour by decreasing the external sales agent’s 

probability of choosing rate sheet options with lower customer rates and increasing the 

probability of the external sales agent choosing rate sheet options with higher customer rates. 

Since lender profitability is higher for a loan when the customer rate is higher, this change in 

external sales agent behaviour is advantageous from the focal lender’s perspective. Although this 

is the optimal strategy in most cases, the one exception is seen in region 3 for loan group 4, 

whereby the optimal strategy is to decrease the agent incentive, relative to current commissions, 

across all pricing options. Since the impact of agent incentive is quite small for loan group 4 in 

region 3 – a $100 increases in incentive increases the odds of sales agent choice by 3.23% (. =

0.025) on average – and since incentives are a cost to the focal lender, it is not advantageous for 

the lender to increase incentives. Instead, it is more profitable to decrease the incentives slightly, 

which decreases costs without impacting market share, thus increasing profitability. 

-- Insert Figure 5 about here –        

-- Insert Table 10 about here –       

As seen in Table 11 and Figure 6 Panel A and B, the focal lender can use this optimized 

strategy to increase profitability while maintaining market share. Specifically, the strategy will 

increase profitability from 12.82% to 14.06%, 12.04% to 13.38%, 11.39% to 13.24%, and 

13.12% to 14.28% in regions 1, 2, 3, and 4, respectively, while maintaining market share in each 

of these regions. Moreover, it will increase overall lender profits from 12.61% to 13.94%, while 

maintaining market share at 17.97%. 

-- Insert Table 11 about here –       

-- Insert Figure 6 about here –        



 

 103 

5 MODEL VALIDATION 

To test the validity of the three-stage model, we assess the predictive performance for the 

customer, lender, and external sales agent decisions. As seen in Table 12 Panel A, the overall hit 

rate for the customer’s decision to accept or reject a loan offer is 68%, with a true positive rate 

(sensitivity rate) of 88% and a true negative rate (i.e. specificity rate) of 33%, demonstrating the 

strong predictive performance of the model. Moreover, the results in Table 12 Panel B 

demonstrate that the model also accurately predicts the lender approval decision with an overall 

hit rate of 86%, true positive rate (i.e. sensitivity rate) of 87%, and true negative rate (i.e. 

specificity rate) of 86%. While the model accurately predicts these two decisions, it is worth 

noting that these prediction statistics are obtained using a threshold of 50%, which means that 

individuals are classified as accepted/approved when the predicated probability of customer 

acceptance/lender approval is above 50%. If it is more important to predict non-accepting/non-

approved customers rather than accepting/approved customers, a higher threshold can be used to 

increase specificity (i.e. increasing the true negative rate) at the expense of decreasing sensitivity 

(i.e. decreasing the true positive rate), as illustrated in the receiver operator characteristic curves 

in Figure 7 Panel A and Panel B. 

-- Insert Table 12 about here –       

-- Insert Figure 7 about here –  

 The model also does well when predicting the external sales agent’s choice between the 

various rate sheet options. To demonstrate this, we plot the predicted choice probabilities against 

the actual choice probabilities across the 11 rate sheet options offered by the focal lender and the 

11 rate sheet options offered by the competition, which are condensed and labeled as the outside 

option due to data availability (i.e. since we only know when the competition was selected but 
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we don’t know which competitor option was selected). As evident in Figure 8, the predicted 

choice probability tracks the actual choice probabilities well, predicting higher choice 

probabilities for the options that are selected most often (e.g. outside option) and predicting 

lower choice probabilities for the options that are selected least often (e.g. options 1, 2, 4, and 5). 

-- Insert Figure 8 about here –   

 To provide further validation of the model, we assess the out of sample prediction 

accuracy. We accomplish this by first subsetting the data into two datasets, 80% of the 

observations in a training set and 20% in a testing set. Next, we run the estimation for each of the 

three models (i.e. lender, customer, and external sales agent models) using the training set and 

then use the results to make predictions in both the training and test sets. We then assess the out 

of sample predictive performance by comparing the prediction results for the test set to those for 

the training set. We provide the prediction results for the test set in Table 13 and Figure 9, which 

are comparable to the predication results in the training set, thus ensuring generalizability of the 

findings. 

-- Insert Table 13 about here –  

-- Insert Figure 9 about here –            

6 DISCUSSION AND CONCLUSIONS 

We develop a model of external salesperson behaviour, accounting for three key decision 

makers (i.e. lender, external salesperson, and customer) that are involved in the indirect lending 

context. Using this model, our goal is to empirically examine how external salespeople allocate 

customer demand to the various providers that they represent and how they decide on the price 

that they put forward to the end customer. Of particular interest, is how these decisions are 
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impacted by the lender’s commission policy, which indicates how external salespeople will be 

compensated in exchange for brokering loans between the lender and customer.  

The empirical sales force compensation literature has yet to examine the context of 

external salespeople and instead has focused on examining the behaviour of internal sales 

representatives. While understanding the behaviour of internal salespeople is important, there are 

additional factors that are present when organizations outsource their selling efforts to 

salespeople that are employed by other organizations. Most important, external salespeople 

represent multiple providers that each offer substitute products and provide different commission 

rates, thus requiring any model of external salesperson behaviour to account for not only the 

compensation decisions made by the focal firm but also the compensation decisions made by the 

competition. To account for this important distinction, we model the salesperson’s decisions 

regarding demand allocation and pricing while accounting for the competition. Additionally, the 

sales force pricing delegation literature has not examined how the optimal commission rate 

should vary as a function of the price that is selected by the external salesperson for offer to the 

end consumer. Should the commission be a linear function of price? An exponential function of 

price? Or some other function of price? Instead, the pricing delegation literature has primarily 

focused on examining the factors that increase the likelihood of sales force pricing delegation as 

well as the impact that pricing delegation has on firm profitability, under the assumption that 

commission should be set to a percentage of gross margin (i.e. price when marginal cost is 

constant). We build on this work by empirically examining how the optimal commission should 

vary as a function of price, which has not been addressed in the literature to date. Thus, 

compared to the extant literature, this article is the first to empirically examine the external sales 

context, focusing on how 1) external salespeople allocate demand and make pricing decisions, 2) 
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commission influences the demand allocation and pricing decisions made by external sales 

representatives, and 3) commission should be optimized, given the price that is charged to the 

end customer by the external salesperson. 

In order to empirically examine the behaviour of external salespeople, as well as the 

impact of optimized incentives on this behaviour, we use the aforementioned external sales force 

model and a large dataset that was provided by a large North American financial institution that 

engages in indirect lending for automobile loans and outsources sales activity and pricing 

decisions to external sales representatives that are employed by auto dealerships. We first 

estimate the parameters of the model to determine the impact that various factors have on each of 

the three key decision makers that are involved in the indirect lending context, with a particular 

interest in understanding how commission rates impact the behaviour of external sales 

representatives. Then, using the parameter estimates, we develop an approach to optimize the 

commission rate for each of the price points on the focal lender’s rate sheet while accounting for 

the competition’s commission strategy, thereby allowing us to assess the impact of optimized 

commissions on external salesperson behaviour and lender profitability. Taking these steps, we 

uncover the following findings with respect to the three research questions posed at the 

beginning of this article: 

1. We find that the commission rate that is paid to external sales representatives does impact 

the external salesperson’s demand allocation decision; for loans under $20,000 in region 4 of 

this study, the probability of the external sales agent selecting the focal lender decreases 

(increases) by 1.25 (1.50) percentage points when the focal lender’s current commission 

rates are decreased (increased) by 40%. While economically meaningful, this finding is in 

contrast to that of the analytical sales force compensation literature, which states that all of 
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the demand will flow to the provider with the highest commission, assuming that the 

provider can adequately service the whole market (Gallego and Talebian 2014). 

2. We also find that a nested logit model fits the data better than a multinomial logit model, 

indicating that external sales representatives don’t simultaneously compare the options on 

each of the pricing menus that are provided by the various providers. Instead, external sales 

representatives first decide on the provider and then choose a price from the selected 

provider’s rate sheet. Moreover, we find that the log sum coefficient is very low, 0.1, which 

indicates that substitutability across nests (i.e. across rate sheets) is much less common than 

substitution within nest (i.e. within rate sheets). In other words, once a salesperson has the 

focal provider in mind for demand allocation, it is very likely that the salesperson will select 

one of the provider’s pricing menu options rather than switching to another price point 

offered from a competitor.   

3. With respect to the pricing decision, we find that the commission has a large and 

economically meaningful impact on salesperson behaviour. For example, for loans under 

$20,000 in region 4 of this study, a $100 increase in commission for an option on the focal 

lender’s rate sheet increases the odds of the salesperson selecting that option, relative to the 

other options on the focal lender’s rate sheet, by 90.16%, on average. As a result, the 

optimal strategy is to exponentially increase the commission as a function of price in order 

to alleviate the moral hazard problem, which results from the salesperson’s desire to close 

the sale by selecting the lowest price possible (Frenzen et al. 2010) even though a lower 

price would significantly decrease the lender’s profitability in cases where the customer was 

willing to pay a higher price. In fact, we find that engaging in this optimal commission 
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strategy increases overall lender profits (i.e. return on adjusted capital) from 12.61% to 

13.94%, while maintaining market share at 17.97%. 

In light of these findings, this article contributes to the sales force compensation and sales 

force pricing delegation literature by introducing a model of external salesperson behaviour and 

assessing the impact of commissions on the demand allocation and pricing decisions made by 

external salespeople. Using the estimation results, we are able to quantify the impact of 

commission on these decisions and then we are able to optimize the commission for each option 

on the lender’s rate sheet to determine how commission should vary as a function of price. 

Knowing this then allows us to quantify the impact of this optimal commission strategy on 

external salesperson behaviour and firm profitability.  

While these are significant contributions to the literature, this article has limitations, like 

all empirical studies, due to data constraints. Specifically, while we know the number of 

applications that are submitted to the competition as well as the competition’s pricing and 

commission strategy, we do not have full details of the applications that were submitted to the 

focal lender’s competition. As a result, we assume that the types of loans (e.g. loan amount, 

amortization), types of customers (e.g. age, income), and approval process is similar for the 

focal lender and the competition, thus allowing us to simulate a dataset for those applications 

that were submitted to the competition, as described in Section 4.1. As a result, this article is not 

able to elucidate reasons, outside of commission and pricing, that result in the external sales 

representative allocating demand to the competing lenders. Instead, we capture the external sales 

representative’s preference for the competition using an intercept, without being able to provide 

concrete reasons for this preference. To the extent that researchers are able to obtain complete 

data relating to all loan applications (i.e. details for loans sent to all lenders), this intercept can 
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be further explained by adding additional variables to the salesperson choice model that we 

introduce in Section 3 of this article.  



 

 110 

TABLES AND FIGURES 
Table 1: Summary of Literature 

Panel A: Sales Force Compensation Literature 
 

Author (Year) Compensation Element Empirical External 
Salesforce 

External 
Competition 

Pricing 
Interaction  

Basu et al. (1985) Salary vs Salary + Commission ý ý ý ý 
Lal and Srinivasan (1993) Salary vs Salary + Commission ý ý ý ý 
Joseph and Thevaranjan (1998) Salary + Commission + Monitoring ý ý ý ý 
Oyer (1998) Quota Bonus þ ý ý þ 
Chen (2005) Menu of Linear Contacts (Salary + Commission) ý ý ý ý 
Caldieraro and Coughlan (2007) Spiffs vs Commission ý þ þ ý 
Steenburgh (2008) Quota Bonus þ ý ý ý 
Caldieraro and Coughlan (2009) Individual/Group Commission vs Tournaments ý ý ý ý 
Misra and Nair (2011) Quota Bonus þ ý ý ý 
Jain (2012) Quota Bonus ý ý ý ý 
Kishore et al. (2013) Quota Bonus þ ý ý ý 
Chung, Steenburgh, and Sudhir (2014) Salary + Quota Bonus + Commission þ ý ý ý 
Gallego and Talebian (2014) Quota Bonus + Commission ý þ þ ý 
Larkin (2014) Quota Bonus þ ý ý þ 
Rubel and Prasad (2016) Salary + Quota Bonus + Commission ý ý ý ý 
Allcott and Sweeney (2017) Spiff þ ý ý þ 
Schöttner (2017) Commission vs Quota Bonus ý ý ý ý 
Brahm and Poblete (2018) Quota Bonus þ ý ý ý 
Chung, Kim, and Park (2019) Salary + Commission þ ý ý ý 
Kim et al. (2019) Salary + Quota Bonus þ ý ý ý 
Yang, Chan, and Thomadsen (2019) Salary + Commission þ ý ý þ 
This Paper Commission þ þ þ þ 
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Panel B: Sales Force Pricing Delegation Literature 
 

   Research Question 

Author (Year) Empirical Secondary Data 
What factors 

influence pricing 
delegation? 

Is pricing 
delegation 
profitable? 

How should 
commission vary 

with 
price/marginal 

revenue? 
Weinberg (1975) ý N.A. þ þ ý 
Stephenson, Cron, and Frazier (1979) þ ý ý þ ý 
Lal (1986) ý N.A. þ þ ý 
Joseph (2001) ý N.A. þ þ ý 
Bhardwaj (2001) ý N.A. þ þ ý 
Mishra and Prasad (2004) ý N.A. þ þ ý 
Frenzen et al. (2010) þ ý þ þ ý 
Homburg, Jensen, and Hahn (2012) þ ý ý þ ý 
Phillips, Şimşek, and Van Ryzin (2015) þ þ ý þ ý 
This Paper þ þ ý þ þ 
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Table 2: Summary Statistics for Continuous Variables 

Variable Description Mean Std. Dev Min Max 
Loan to Value Ratio (LTV Ratio) !"#$	&'"($)	($) -.ℎ01!.	-#!(.	($)⁄  1.27 0.35 0.00 3.45 
Income Customer monthly income (monthly $) 5,145.21 3,068.49 0.08 49,920.00 
Amortization Amortization of loan (months) 73.17 14.74 12.00 96.00 
Age Age of customer (years) 39.80 14.81 17.00 127.00 
Customer Rate Customer interest rate (%) 6.42% 0.99% 3.98% 8.98% 
Time at Terminal (TAT) Approval decision wait time (minutes) 21.45 41.37 0.00 1,307.00 
Finance Amount Loan amount ($) 32,708.12 18,105.52 7,500.00 129,945.31 
Term Loan Term (months) 72.25 14.90 12.00 96.00 
Credit Quality Bonus Bonus paid to lenders for tier 1 and 2 customers ($) 136.36 168.23 0.00 500.00 
Fee Revenue Revenue earned from fees ($) 47.97 9.22 9.27 62.60 
Reward Cost Cost of rewards program ($) 6.00 0.00 6.00 6.00 
Fixed Cost Fixed cost of issuing loan ($) 144.64 0.00 144.64 144.64 
Marginal Cost Marginal cost of loan ($) 2.73 0.00 2.73 2.73 
Tax Rate Tax Rate (%) 26.31% 0.00% 26.31% 26.31% 
Capital Factor* Factor applied to loan amount to get economic capital 6.58% 0.00% 6.58% 6.58% 

* Economic capital: funds that financial services firms reserve to cover exposure to risk and ensure financial stability 
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Table 3: Summary Statistics for Categorical Variables 

Variable* Category Frequency % 
Lender Approval Indicator Not Approved 331,842 56.3% 

 Approved 257,872 43.7% 
Region 1 160,315 27.2% 

 2 72,880 12.4% 

 3 118,140 20.0% 

 4 238,379 40.4% 
Risk Tier** 1 86,233 14.6% 

 2 162,176 27.5% 

 3 98,107 16.6% 

 4 243,198 41.2% 
New Vehicle Indicator Used 455,416 77.2% 

 New 134,298 22.8% 
Gender Female 189,416 32.1% 

 Male 400,298 67.9% 
Employment Type Full-Time 542,440 92.0% 

 Part-Time 8,744 1.5% 

 Retired 29,637 5.0% 

 Seasonal 2,986 0.5% 

 Self-Employed 5,907 1.0% 
Booked Indicator Not Booked 427,020 72.4% 

 Booked 162,694 27.6% 
Loan Group*** Group 1 163,546 27.7% 

 Group 2 147,606 25.0% 
 Group 3 110,377 18.7% 
 Group 4 168,185 28.5% 

* Manufacturer is also a categorical variable that we control for, which has many levels. Therefore, it is not represented in Table 
3 for simplicity 
** Customer risk increases from tier 1 to tier 4 
*** Loan group 1 = loans < $20,000, Loan group 2 = loans ≥ $20,000 and < $30,000, Loan group 3 = loans ≥ $30,000 and < 
$40,000, and Loan group 4 = loans ≥ $40,000 
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Table 4: Rate Sheet Descriptive Statistics 

Lender Rate Sheet  
Option Customer Rate (%) Agent Incentive ($) Monthly Payment ($) Agent Choice (%) 

Focal Lender 

1 5.34% 163 455 1.76% 
2 5.58% 481 458 1.64% 
3 5.88% 638 462 2.21% 
4 6.15% 755 466 1.37% 
5 6.52% 949 471 1.78% 
6 6.87% 1,156 477 1.92% 
7 7.20% 1,369 498 2.59% 
8 7.43% 1,518 519 2.88% 
9 7.76% 1,679 545 2.29% 
10 8.07% 1,889 580 3.99% 
11 8.19% 1,978 603 6.36% 

Competitor 

12 5.11% 88 529 

82.28% 

13 5.31% 249 485 
14 5.51% 530 463 
15 5.74% 618 462 
16 5.99% 717 465 
17 6.24% 863 469 
18 6.49% 1,011 473 
19 6.76% 1,163 477 
20 7.12% 1,292 482 
21 7.29% 1,373 489 
22 7.10% 1,426 476 
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Table 5: Customer Accept Choice Model Estimates 

Predictor Variable Estimate Std. Error Significance 
(Intercept) 3.103 0.08058 *** 
Risk Tier (Base Level = 1)    

2 0.457 0.07109 *** 
3 -0.898 0.09211 *** 
4 -1.123 0.16859 *** 

Time at Terminal -0.003 0.00011 *** 
Combined Income -0.000 0.00000 *** 
Amortization -0.014 0.00033 *** 
Region (Base Level = 1)    

2 1.450 0.10684 *** 
3 0.132 0.08848 n.s. 
4 0.620 0.07777 *** 

New Vehicle Indicator (Base Level = Used)    
New -1.172 0.07154 *** 

Customer Rate -27.011 1.23894 *** 
Age 0.009 0.00034 *** 
Gender (Base Level = Female)    

Male 0.063 0.00996 *** 
Employment Type (Base Level = Full Time)    

Part-Time 0.282 0.03619 *** 
Retired -0.215 0.02126 *** 
Seasonal 0.181 0.06629 ** 
Self Employed -0.162 0.04029 *** 

Manufacturer TOO MANY 
Customer Rate x Risk Tier (Base Level = 1)    

2 -5.288 1.15544 *** 
3 3.293 1.47607 * 
4 4.391 2.65125 . 

Customer Rate x Region (Base Level = 1)    
2 -19.221 1.74131 *** 
3 2.030 1.44509 n.s. 
4 -14.770 1.25079 *** 

Customer Rate x New Vehicle Indicator (Base Level = Used)    
New 18.207 1.16674 *** 

Log-Likelihood -156,562   
AIC 313,219   

*** significant at .1%   ** significant at 1%   * significant at 5%   . significant at 10%   n.s. not significant 
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Table 6: Lender Approval Choice Model Estimates 

Predictor Variable Estimate Std. Error Significance 
(Intercept) 5.012 0.03595 *** 
Risk Tier (Base Level = 1)    

2 -0.679 0.01450 *** 
3 -2.473 0.01475 *** 
4 -5.536 0.01732 *** 

LTV Ratio -1.842 0.01365 *** 
Income 0.000 0.00000 *** 
Amortization -0.010 0.00033 *** 
Region (Base Level = 1)    

2 0.797 0.01506 *** 
3 0.399 0.01286 *** 
4 -0.245 0.01046 *** 

New Vehicle Indicator (Base Level = Used)    
New -0.186 0.01149 *** 

Age -0.002 0.00032 *** 
Gender (Base Level = Female)    

Male 0.033 0.00925 *** 
Employment Type (Base Level = Full Time)    

Part-Time -0.434 0.03231 *** 
Retired -0.203 0.02170 *** 
Seasonal -0.176 0.06070 ** 
Self Employed -0.467 0.03949 *** 

Manufacturer TOO MANY  
Log-Likelihood -193,863   
AIC 387,805   

*** significant at .1%   ** significant at 1%   * significant at 5%   . significant at 10%   n.s. not significant 
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Table 7: Nested Logit vs Multinomial Logit 

Region 1 

Model Log-
Likelihood 

Degrees of 
Freedom AIC BIC Test Statistic Critical Value 

Nested -307,879 14 615,786 615,836   

Multinomial -310,066 12 620,156 620,199 4,374 5.9914 
 

Region 2 

Model Log-
Likelihood 

Degrees of 
Freedom AIC BIC Test Statistic Critical Value 

Nested -114,695 14 229,418 229,460   

Multinomial -115,446 12 230,916 230,952 1,502 5.9914 
 

Region 3 

Model Log-
Likelihood 

Degrees of 
Freedom AIC BIC Test Statistic Critical Value 

Nested -222,226 14 444,480 444,528   

Multinomial -223,650 12 447,324 447,365 2,848 5.9914 
 

Region 4 

Model Log-
Likelihood 

Degrees of 
Freedom AIC BIC Test Statistic Critical Value 

Nested -441,215 14 882,458 882,511   

Multinomial -444,614 12 889,252 889,297 6,798 5.9914 
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Table 8: External Sales Agent Rate Selection Choice Model Estimates 

 Estimate by Region 
Predictor Variable 1 2 3 4 

Intercept (Competition Nest) 1.564 1.009 1.497 1.656 

Incentive (Loan Group 1) 0.529 0.497 0.450 0.645 

Incentive (Loan Group 2) 0.262 0.271 0.193 0.349 

Incentive (Loan Group 3) 0.136 0.146 0.066 0.183 

Incentive (Loan Group 4) 0.076 0.088 0.025 0.087 

Probability of Sale (Loan Group 1) 1.727 1.035 1.321 0.604 

Probability of Sale (Loan Group 2) 1.412 1.031 1.393 0.777 

Probability of Sale (Loan Group 3) 1.335 1.018 1.326 0.608 

Probability of Sale (Loan Group 4) 1.468 1.061 1.620 0.594 

Incentive x Age -0.001 -0.000 -0.000 0.000 

Incentive x Income 0.004 -0.027 0.014 -0.017 

Incentive x New Vehicle Indicator (Base Level = Used)         

New -0.104 -0.126 -0.101 -0.080 

Lambda (Focal Lender Nest) 0.100 0.100 0.100 0.100 

Lambda (Competition Nest)  0.100 0.100 0.100 0.100 

Log-Likelihood -307,879 -114,695 -222,226 -441,215 

AIC 615,786 229,418 444,480 882,458 
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Table 9: Chi-Squared Tests of Model Significance 
 

Region 1 

Model Variable Removed Log-Likelihood Degrees of Freedom Test Statistic Critical Value Reject H0 

Base None -307,879 14    

1 Incentive -311,233 10 6,708 9.4877 Yes 
2 Sales Probability -310,336 10 4,914 9.4877 Yes 
3 Incentive x Age -307,915 13 72 3.8415 Yes 
4 Incentive x Income -307,880 13 2 3.8415 No 
5 Incentive x New Vehicle -309,102 13 2,446 3.8415 Yes 

 
Region 2 

Model Variable Removed Log-Likelihood Degrees of Freedom Test Statistic Critical Value Reject H0 

Base None -114,695 14    

1 Incentive -115,858 10 2,326 9.4877 Yes 
2 Sales Probability -115,920 10 2,450 9.4877 Yes 
3 Incentive x Age -114,698 13 6 3.8415 Yes 
4 Incentive x Income -114,707 13 24 3.8415 Yes 
5 Incentive x New Vehicle -115,342 13 1,294 3.8415 Yes 

 
Region 3 

Model Variable Removed Log-Likelihood Degrees of Freedom Test Statistic Critical Value Reject H0 

Base None -222,226 14    

1 Incentive -223,869 10 3,286 9.4877 Yes 
2 Sales Probability -223,360 10 2,268 9.4877 Yes 
3 Incentive x Age -222,226 13 0 3.8415 No 
4 Incentive x Income -222,230 13 8 3.8415 Yes 
5 Incentive x New Vehicle -222,795 13 1,138 3.8415 Yes 

 
Region 4 

Model Variable Removed Log-Likelihood Degrees of Freedom Test Statistic Critical Value Reject H0 

Base None -441,215 14    

1 Incentive -448,476 10 14,522 9.4877 Yes 
2 Sales Probability -442,511 10 2,592 9.4877 Yes 
3 Incentive x Age -441,220 13 10 3.8415 Yes 
4 Incentive x Income -441,274 13 118 3.8415 Yes 
5 Incentive x New Vehicle -442,925 13 3,420 3.8415 Yes 

 
 



 

 120 

Table 10: Optimized Rate Sheet for Loan Group 1 in Region 1 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 5.40% 0.00% 0.00% 1.00% 1.05% 4.99% 0.00% 5.84% 5.85% 

2 5.74% 0.30% 0.25% 0.99% 0.99% 5.24% 0.15% 5.58% 5.58% 

3 5.99% 1.00% 0.50% 1.39% 1.01% 5.49% 0.25% 5.16% 5.16% 

4 6.15% 1.00% 0.75% 1.26% 1.09% 5.74% 0.80% 6.61% 6.62% 

5 6.40% 1.50% 1.00% 1.57% 1.11% 5.99% 1.00% 6.65% 6.65% 

6 6.74% 1.80% 1.55% 1.63% 1.37% 6.24% 1.55% 8.75% 8.75% 

7 6.99% 2.75% 2.17% 2.97% 1.90% 6.49% 2.05% 11.27% 11.27% 

8 7.24% 3.00% 3.03% 3.22% 3.26% 6.99% 2.75% 15.54% 15.53% 

9 7.74% 3.30% 3.98% 3.36% 5.62% 7.24% 3.00% 17.21% 17.20% 
          

 Current Optimized        

Market 
Share 17.40% 17.40%        

ROAC 8.60% 9.22%        
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Table 11: Impact on Performance Metrics 
 

 Market Share ROAC  
Region Current Optimized Current Optimized Weight 

1 17.55% 17.55% 12.82% 14.06% 28.66% 
2 26.98% 26.98% 12.04% 13.38% 7.76% 
3 18.49% 18.52% 11.39% 13.24% 19.91% 
4 16.41% 16.41% 13.12% 14.28% 43.66% 

Total 17.97% 17.98% 12.61% 13.94% 100.00% 
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Table 12: Classification Performance 
 
Panel A: Customer Accept Decision 
 

 Predicted 
Actual  Not Accepted Accepted 
Not Accepted 31,803 63,376 
Accepted 20,206 142,487 

 Performance Metrics 
Overall Accuracy Specificity Sensitivity 

68% 33% 88% 
Threshold = .50 
 
Panel B: Lender Approval Decision 
 

 Predicted 
Actual  Not Approved Approved 
Not Approved 284,808 47,034 
Approved 34,784 223,088 

 Performance Metrics 
Overall Accuracy Specificity Sensitivity 

86% 86% 87% 
Threshold = .50 
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Table 13: Holdout Performance 

Panel A: Customer Accept Decision 
 

 Predicted 
Actual  Not Accepted Accepted 
Not Accepted 6,339 12,696 
Accepted 4,153 28,385 

 Performance Metrics 
Overall Accuracy Specificity Sensitivity 

67% 33% 87% 
Threshold = .50 
 
Panel B: Lender Approval Decision 
 

 Predicted 
Actual  Not Approved Approved 
Not Approved 56,968 9,400 
Approved 6,947 44,627 

 Performance Metrics 
Overall Accuracy Specificity Sensitivity 

86% 86% 87% 
Threshold = .50 
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Figure 1: External Sales Agent Rate Selection by Rate Sheet Option 
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Figure 2: Lender Approval Rates by Risk Tier  
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Figure 3: Customer Acceptance by Customer Rate 
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Figure 4: Sensitivity Analysis – Region 4/Loan Group 1 
 
Panel A: Predicted Probability of Sales Agent Choice – Nested Logit 
 

 
 

 
Notes: 
Scenario 1: agent commissions are 40% lower than current commissions 
Scenario 2: agent commissions are at current commissions  
Scenario 3: agent commissions are 40% higher than current commissions  
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Panel B: Predicted Probability of Sales Agent Choice – Multinomial Logit 
 

 
 

 
Notes: 
Scenario 1: agent commissions are 40% lower than current commissions 
Scenario 2: agent commissions are at current commissions  
Scenario 3: agent commissions are 40% higher than current commissions  
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Figure 5: Optimal Commission by Price Option 
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Figure 6: Impact on Performance Metrics 
 
Panel A: Impact on Profitability 
 

 
 
 
Panel B: Impact on Market Share 
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Figure 7: Receiver Operator Characteristic Curve (ROC) for Classification 
 
Panel A: Customer Accept Decision 

 
 
Panel B: Lender Approval Decision 
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Figure 8: External Sales Agent Rate Selection (Predicted vs Actual) 
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Figure 9: Holdout Analysis for External Sales Agent Rate Selection 
 

 
 
 

1.8% 1.6% 2.2% 1.4% 1.8% 1.9% 2.6% 2.9% 2.3%
4.1%

6.5%

82.3%

1.4% 1.6% 1.8% 1.9% 2.1% 2.5% 2.7% 2.6% 2.4% 2.4% 2.3%

82.3%

0.0%

10.0%

20.0%

30.0%

40.0%

50.0%

60.0%

70.0%

80.0%

90.0%

1 2 3 4 5 6 7 8 9 10 11 Outside

Ch
oi

ec
 P

ro
ba

bi
lit

y

Rate Sheet Option

Actual vs Predicted Agent Choice - All Regions

Actual Probability Predicted Probability



 

 135 

REFERENCES 
Allcott, Hunt and Richard L Sweeney (2017), "The role of sales agents in information disclosure: 
evidence from a field experiment," Management Science, 63 (1), 21-39. 
 
Basu, Amiya K, Rajiv Lal, Venkataraman Srinivasan, and Richard Staelin (1985), "Salesforce 
compensation plans: An agency theoretic perspective," Marketing Science, 4 (4), 267-91. 
 
Bhardwaj, Pradeep (2001), "Delegating pricing decisions," Marketing science, 20 (2), 143-69. 
 
Brahm, Francisco and Joaquin Poblete (2018), "Incentives and ratcheting in a multiproduct firm: A field 
experiment," Management Science, 64 (10), 4552-71. 
 
Caldieraro, Fabio and Anne T Coughlan (2009), "Optimal sales force diversification and group incentive 
payments," Marketing Science, 28 (6), 1009-26. 
 
---- (2007), "Spiffed-up channels: The role of spiffs in hierarchical selling organizations," Marketing 
Science, 26 (1), 31-51. 
 
Chen, Fangruo (2005), "Salesforce incentives, market information, and production/inventory planning," 
Management Science, 51 (1), 60-75. 
 
Chung, Doug J, Byungyeon Kim, and Byoung G Park (2019), "How do sales efforts pay off? Dynamic 
panel data analysis in the Nerlove–Arrow Framework," Management Science, 65 (11), 5197-218. 
 
Chung, Doug J, Thomas Steenburgh, and K Sudhir (2014), "Do bonuses enhance sales productivity? A 
dynamic structural analysis of bonus-based compensation plans," Marketing Science, 33 (2), 165-87. 
 
Coughlan, Anne T, Erin Anderson, Louis W Stern, and Adel El-Ansary (2006), Marketing Channels (7 
ed.). Upper Saddke River, NJ: Prentice Hall. 
 
Frenzen, Heiko, Ann-Kristin Hansen, Manfred Krafft, Murali K Mantrala, and Simone Schmidt (2010), 
"Delegation of pricing authority to the sales force: An agency-theoretic perspective of its determinants 
and impact on performance," International Journal of Research in Marketing, 27 (1), 58-68. 
 
Gallego, Guillermo and Masoud Talebian (2014), "Commissions and sales targets under competition," 
Management Science, 60 (9), 2180-97. 
 
Hansen, Ann-Kristin, Kissan Joseph, and Manfred Krafft (2008), "Price delegation in sales organizations: 
An empirical investigation," Business Research, 1 (1), 94-104. 
 
Heide, Christen P (1999), Dartnell's 30th Sales Force Compensation Survey: Dartnell Corporation. 
 
Homburg, Christian, Ove Jensen, and Alexander Hahn (2012), "How to Organize Pricing? Vertical 
Delegation and Horizontal Dispersion of Pricing Authority," Journal of Marketing, 76 (5), 49-69. 
 
Jain, Sanjay (2012), "Self-control and incentives: An analysis of multiperiod quota plans," Marketing 
Science, 31 (5), 855-69. 
 



 

 136 

Joseph, Kissan (2001), "On the optimality of delegating pricing authority to the sales force," Journal of 
Marketing, 65 (1), 62-70. 
 
Joseph, Kissan and Alex Thevaranjan (1998), "Monitoring and incentives in sales organizations: An 
agency-theoretic perspective," Marketing Science, 17 (2), 107-23. 
 
Kim, Minkyung, K Sudhir, Kosuke Uetake, and Rodrigo Canales (2019), "When salespeople manage 
customer relationships: Multidimensional incentives and private information," Journal of Marketing 
Research, 56 (5), 749-66. 
 
Kishore, Sunil, Raghunath Singh Rao, Om Narasimhan, and George John (2013), "Bonuses versus 
commissions: A field study," Journal of Marketing Research, 50 (3), 317-33. 
 
Lal, Rajiv (1986), "Delegating pricing responsibility to the salesforce," Marketing Science, 5 (2), 159-68. 
 
Lal, Rajiv and Venkataraman Srinivasan (1993), "Compensation plans for single-and multi-product 
salesforces: An application of the Holmstrom-Milgrom model," Management Science, 39 (7), 777-93. 
 
Larkin, Ian (2014), "The cost of high-powered incentives: Employee gaming in enterprise software sales," 
Journal of Labor Economics, 32 (2), 199-227. 
 
Mishra, Birendra K and Ashutosh Prasad (2004), "Centralized pricing versus delegating pricing to the 
salesforce under information asymmetry," Marketing Science, 23 (1), 21-27. 
 
Misra, Sanjog and Harikesh S Nair (2011), "A structural model of sales-force compensation dynamics: 
Estimation and field implementation," Quantitative Marketing and Economics, 9 (3), 211-57. 
 
Oyer, Paul (1998), "Fiscal year ends and nonlinear incentive contracts: The effect on business 
seasonality," The Quarterly Journal of Economics, 113 (1), 149-85. 
 
Phillips, RL and Nomis Solutions (2012), "Customized pricing," The Oxford Handbook of Pricing 
Management, Oxford University Press, Oxford, 465-90. 
 
Phillips, Robert Lewis (2005), Pricing and revenue optimization: Stanford University Press. 
 
Phillips, Robert, A Serdar Şimşek, and Garrett Van Ryzin (2015), "The effectiveness of field price 
discretion: Empirical evidence from auto lending," Management Science, 61 (8), 1741-59. 
 
Rubel, Olivier and Ashutosh Prasad (2016), "Dynamic incentives in sales force compensation," 
Marketing Science, 35 (4), 676-89. 
 
Schöttner, Anja (2017), "Optimal sales force compensation in dynamic settings: Commissions vs. 
bonuses," Management Science, 63 (5), 1529-44. 
 
Steenburgh, Thomas J (2008), "Effort or timing: The effect of lump-sum bonuses," Quantitative 
Marketing and Economics, 6 (3), 235-56. 
 
Stephenson, P Ronald, William L Cron, and Gary L Frazier (1979), "Delegating pricing authority to the 
sales force: The effects on sales and profit performance," Journal of Marketing, 43 (2), 21-28. 
 



 

 137 

Wächter, Andreas and Lorenz T Biegler (2006), "On the implementation of an interior-point filter line-
search algorithm for large-scale nonlinear programming," Mathematical Programming, 106 (1), 25-57. 
 
Weinberg, Charles B (1975), "An optimal commission plan for salesmen's control over price," 
Management Science, 21 (8), 937-43. 
 
Yang, Bicheng, Tat Chan, and Raphael Thomadsen (2019), "A salesforce-driven model of consumer 
choice," Marketing Science, 38 (5), 871-87. 
 
Zoltners, Andris A, Prabhakant Sinha, and Sally E Lorimer (2008), "Sales force effectiveness: A 
framework for researchers and practitioners," Journal of Personal Selling & Sales Management, 28 (2), 
115-31. 
 

 



 

 138 

CHAPTER 4: THE FINANCIAL ADVICE PUZZLE: THE 
ROLE OF CONSUMER HETEROGENEITY IN THE ADVISOR 
CHOICE 
Authors: 

Christopher Amaral, PhD Candidate, Smith School of Business, Queen’s University, Canada 
Ceren Kolsarici, Associate Professor, Smith School of Business, Queen’s University, Canada 

 
Abstract 

We investigate motivational drivers of financial advisor use, accounting for investor 

heterogeneity, with the goal of helping institutions increase the use of financial advisor services. 

The results from a latent class choice model reveal two distinct segments that differ in their 

approach to the financial advice decision. While higher levels of risk tolerance, trust, and self-

efficacy increase financial advice use for both segments, albeit at much higher propensities for 

Segment 1, personality only matters for Segment 1. Moreover, their regulatory focus differs with 

Segment 1 being promotion and Segment 2 being prevention focused. Using these results, we 

offer suggestions for marketing strategies. 

Keywords: Financial Advisors, Consumer Heterogeneity, Latent Class Choice Model 
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1 INTRODUCTION 

Over the past decade, retirement readiness has become a concern for individuals as well 

as government. Contributing to this dilemma is the shift from defined benefit (DB) to defined 

contribution (DC) retirement savings plans (Broadbent, Palumbo, and Woodman 2006; Statistics 

Canada 2015), which has transferred both the risk and the responsibility of saving for retirement 

from corporations to individuals (Gougeon 2009). Unfortunately, in light of this transition, many 

individuals are not accumulating personal savings to the extent that they ought (CIBC 2018; 

RBC 2017; Shillington 2016), largely because they lack sufficient understanding of financial 

concepts and instruments (Agarwal et al. 2010; Agnew and Harrison 2015; Drolet 2016; FINRA 

Investor Education Foundation 2016; Klapper, Lusardi, and Van Oudheusden 2015) and are 

susceptible to various cognitive biases (Barber and Odean 2001; De Bondt and Thaler 1995; 

Karlsson and Nordén 2007; Kumar and Lee 2006; Odean 1999). This is especially problematic 

since the effect of sub-optimal financial decisions often extends beyond the individual to societal 

and economic welfare (Klapper and Zia 2009; OECD 2012; Taffler, Agarwal, and Wang 2017; 

Utkus 2011; Widdowson and Hailwood 2007), thus highlighting the need for a solution.   

Two commonly advocated solutions to this problem are 1) improving financial literacy 

amongst the general population and 2) increasing the uptake of financial advice (Huang 2018). 

While many experts agree that improving the general population’s financial know-how would be 

the ultimate solution, doing so requires structural changes to the education system and the 

investment culture and, thus, is not feasible in the short-term. Financial advisors (FAs), however, 

can serve as a substitute for financial literacy (Karabulut 2013), helping prevent biases and 

emotional investing (Shapira and Venezia 2001) as well as improving portfolio performance 
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(Montmarquette and Viennot-Briot 2015), all of which would have spillover effects for the 

greater economy.  

Given this potentially important role for FAs, extant research has examined whether or 

not FAs provide value for their clients, and the demographic makeup of the financial advice 

market to determine who uses the services of FAs. While these are important research questions, 

they do not assess how financial institutions can increase the uptake of financial advisor services. 

To address this gap, we investigate motivational drivers of financial advisor use, with the goal of 

helping institutions and policy makers design effective, targeted campaigns to increase the 

uptake thereof. In doing so, our intended contribution is to: 1) identify latent segments in the 

retail investment market with different motivations regarding the advice seeking decision, 2) 

determine the key motivational drivers to work with financial advisors for each of these 

segments, and 3) develop a classification algorithm, using only observable demographic and 

financial behaviour data, that decision makers can use to categorize potential investors into the 

pre-identified segments, which is critical for gaining insight into potential clients and developing 

customized and effective communications. 

Empirical application, using data from a nation-wide survey of over 1,000 individuals in 

Canada, suggests the presence of two distinct segments in the retail investment market. Segment 

1 comprises individuals who are more financially literate, have more experience in the category, 

and are more engaged in the advice seeking process than those in Segment 2. Moreover, we find 

that, while trust, risk tolerance, and self-efficacy increase the propensity to seek advice for both 

segments, albeit at much higher rates for Segment 1, personality type only influences Segment 1. 

We also observe that attitudes exhibit different mechanisms for Segment 1 and for Segment 2. 

While the former is driven by positive attitudes towards FAs and is promotion focused, the latter 
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is influenced by negative attitudes and is prevention focused. The findings have strong 

implications for financial institutions, governments, and policy makers, which we discuss in 

detail in Section 7.2.  

2 CONCEPTUAL DEVELOPMENT 

2.1 Value of Financial Advice 

Extant research investigates the value of financial advice, focusing on 1) impact on 

portfolio value and 2) non-monetary benefits. The findings regarding the former have been 

mixed with some researchers arguing that the use of FAs does not have a positive impact on 

portfolio performance after accounting for FA fees (e.g. Hackethal, Haliassos, and Jappelli 2012; 

Karabulut 2013; Kramer 2012; Marsden, Zick, and Mayer 2011), while others find evidence of 

improved asset value for advisor-directed accounts (Bluethgen et al. 2008; Hermansson and 

Song 2016; Horn, Meyer, and Hackethal 2009; Montmarquette and Viennot-Briot 2015). 

Regarding the latter, there is overwhelming evidence to support the benefits of financial advice 

such as reducing behavioural biases such as the disposition effect (Shapira and Venezia 2001), 

increasing diversification (Bluethgen et al. 2008; Gerhardt and Hackethal 2009; Kramer 2012), 

avoiding excessive trading during market volatility (Gerhardt and Hackethal 2009; Maymin and 

Fisher 2011), decreasing idiosyncratic risk (Kramer 2012), mitigating psychological costs such 

as anxiety over retirement readiness (Montmarquette and Viennot-Briot 2015), and improving 

financial behaviours such as establishing a retirement account (Moreland 2018).  

These non-monetary and potential financial advantages provide a necessary but not a 

sufficient condition for reaping the benefits from the advisor-advisee relationship. Instead, the 

key to increasing the uptake of financial advice is to increase investors’ motivations to ask for 

financial advice, particularly because individuals who seek advice have a higher propensity to 
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follow that advice compared to those who receive unsolicited advice (Bonaccio and Dalal 2006; 

Yaniv 2004a; Yaniv 2004b; Yaniv and Kleinberger 2000). While solicited advice is appreciated 

and perceived to be valuable, specifically if paid for (Gino 2008), unsolicited advice is viewed as 

intrusive and unnecessary (Deelstra et al. 2003; Goldsmith 2000; Goldsmith and Fitch 1997). 

Additionally, while some individuals avoid seeking advice even when it is offered for free 

(Gibbons 2003), others seek advice universally and apply it more frequently, underlining the 

importance of accounting for individual differences (Mitchell and Smetters 2013). Next, we 

discuss the motivational drivers of financial advice use, followed by the importance of 

accounting for investor heterogeneity. 

2.2 Drivers of Financial Advice Use 

Extant research on financial advice (see Table 1) mainly deals with who uses FAs rather 

than investigating what motivates financial advice seeking. Table 1 provides strong evidence that 

investors who seek financial advice are those who need it the least. Particularly, financial advice 

seekers are older (e.g. Bhattacharya et al. 2012; Bluethgen et al. 2008; Karabulut 2013), 

wealthier (Hackethal, Haliassos, and Jappelli 2012; Hung and Yoong 2010; Montmarquette and 

Viennot-Briot 2012), and more financially literate (e.g. Bhattacharya et al. 2012; Marsden, Zick, 

and Mayer 2011; Montmarquette and Viennot-Briot 2012), which underlines the importance of 

increasing the uptake of financial advice among populations who are in most need.  

--- Insert Table 1 about here --- 

While the financial advice literature is scant on the topic, research in organizational 

behavior and psychology shed light on drivers of general help seeking behavior. Drawing upon 

this literature, we next discuss how these factors relate to financial advice seeking and develop 

our hypotheses (see Table 2 for a summary).  
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--- Insert Table 2 about here --- 

2.2.1 Risk Tolerance 

Risk tolerance, defined as “the willingness to engage in behaviour where there is a 

desirable goal but attainment of [that] goal is uncertain and accompanied by probability of loss” 

(Kogan and Wallach 1964), has been found to have important implications for behaviour. 

Applied to our context, the financial and/or psychological risk associated with investing through 

an advisor will be perceived less risky by individuals with higher risk tolerance (Bhattacharya et 

al. 2012; Grable and Joo 2001; Karabulut 2013; Lee 1997; Marsden, Zick, and Mayer 2011). 

Thus, we propose the following hypothesis:  

H1. The higher an individual’s level of risk-tolerance, the higher their propensity to seek 

financial advice.  

2.2.2 Self-efficacy 

Self-efficacy, defined as an individual’s perception of how competent she is with respect 

to organizing and performing actions that are required to manage a situation (Bandura 1977), has 

been found to increase an individual’s likelihood of seeking help (Garland and Zigler 1994; 

Ryan, Gheen, and Midgley 1998). One explanation for these findings is that individuals who 

have lower self-efficacy are more likely to think that their peers will associate the need for help 

with a lack of ability, thereby decreasing their willingness to seek help (Ryan, Gheen, and 

Midgley 1998). Others have explained that self-efficacy decreases an individuals perception of 

uncertainty and, consequently, risk within a given situation, thereby increasing their likelihood of 

engaging in risky activities (Cho and Lee 2006) such as help seeking. Therefore, we hypothesize 

that: 
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H2: The higher an individual’s level of self-efficacy, the higher their propensity to seek financial 

advice.  

2.2.3 Trust  

 Trust is defined as “the willingness of a party to be vulnerable to the actions of another 

party based on the expectation that the other party will perform a particular action important to 

the trustor, irrespective of the ability to monitor or control the other party” (Mayer, Davis, and 

Schoorman 1995, pg. 712). While trust is important in many different contexts, it is especially 

important for service offerings, which are inherently intangible (Murray and Schlacter 1990). By 

building trust, service providers can decrease consumer uncertainty (Morgan and Hunt 1994), 

thereby decreasing the individual’s perception of risk regarding the service (Marriott and 

Williams 2018; Murray and Schlacter 1990) and, ultimately, increasing the likelihood of 

purchase (Grob 2016; Martin, Mortimer, and Andrews 2015; Singh and Sinha 2020; Zhou et al. 

2020). In fact, research suggests that the presence of trust (distrust) towards help providers 

increases (decreases) the propensity to seek advice (Howerton et al. 2007; Wilson and Deane 

2001) and is an important determinant of compliance with advice once it is received (Moorman, 

Zaltman, and Deshpande 1992). Given this, we propose the following hypothesis: 

H3: The higher an individual’s level of trust in FAs (FA substitutes), the higher (lower) their 

propensity to seek financial advice. 

2.2.4 Attitude  

Attitudes, which are “psychological tendencies that are expressed by evaluating a 

particular entity with some degree of favor or disfavor” (Eagly and Chaiken 1993, p.g. 1), are 

formed based on an individual’s outcome expectancy (Ajzen and Fishbein 1980). For example, 

individuals who anticipate positive (negative) outcomes from using the services of FAs will 
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develop positive (negative) attitudes towards FAs and their services, which in turn impacts their 

behavior. Indeed, the advice seeking literature shows that individuals are more likely to seek 

advice when they have positive attitudes towards advice seeking and advice providers (e.g. 

Cramer 1999; Deane, Skogstad, and Williams 1999). 

However, not all individuals focus on the presence of positive and negative outcomes 

equally due to differences in regulatory focus (Higgins 1998; Molden, Lee, and Higgins 2008). 

Specifically, while individuals with a promotion focus are concerned with positive outcomes and 

ideal-self goals such as striving for advancement, growth, and accomplishment, individuals with 

a prevention focus are concerned with negative outcomes and ought-self goals such as ensuring 

security, safety, and responsibility (Crowe and Higgins 1997). Given that a promotion focus is 

concerned with maximizing positive outcomes and that expectations regarding positive outcomes 

determine the extent of positive attitudes, individuals with a promotion focus should be sensitive 

towards the presence or absence of positive attitudes. On the other hand, since prevention focus 

is concerned with minimizing negative outcomes and because the expectations regarding 

negative outcomes dictate the extent of negative attitudes, individuals with a prevention focus 

would be sensitive to the presence and absence of negative attitudes towards the attitude object. 

Thus, we hypothesize that:  

H4: positive (negative) attitudes toward FAs will increase (decrease) the probability of seeking 

financial advice. However, the activation of these two distinct types of attitudes should vary 

across individuals due to inherent differences in their regulatory focus.  

2.2.5 Introversion-Extraversion 

Extraverts prefer to concentrate their perception and judging in the external world (Myers 

and Myers 1980) and, as a result, are more sociable (Costa and MacCrae 1992), which increases 
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their preference for dealing with personal problems with the help of other individuals 

(Kakhnovets 2011). On the other hand, introverts prefer to concentrate their perception and 

judging in the inner world (Myers and Myers 1980), and are thus private and less open (McCrae 

and Costa 2003), which results in these individuals being accustomed to being alone and solving 

problems without the aid of others (Kakhnovets 2011). Similarly, differences in coping have 

been demonstrated between these personality types, with extraverts engaging in direct coping 

strategies (McCrae and Costa 1986; Parkes 1986), including advice seeking (Amirkhan, 

Risinger, and Swickert 1995; Janowsky et al. 1999; O'connor et al. 2014). Given these 

fundamental differences, we hypothesize that:  

H5: extraverts will be more likely than introverts to use the services of FAs. 

2.2.6 Perceiver-Judger Personality 

One of the key differences between judgers and perceivers with respect to how they deal 

with the external world is that the former prefer order and coming to conclusions quickly while 

the latter prefer to live in the moment and keep their options open (Myers and Myers 1980). As 

such, perceivers’ should be more likely to seek financial advice since 1) their need for advice is 

greater due to their delayed decision making (Mendelsohn and Kirk 1962) and 2) they are more 

willing to tolerate ambiguity than judgers, thus increasing their ability to deal with the early 

stages of counselling, which require heightened awareness and experimentation while deferring 

judgement (Mendelsohn and Kirk 1962). Moreover, judgers tend to shut perception off relatively 

early, closing them off to new information. In contrast, perceivers are constantly seeking new 

information due to their innate curiosity (Myers et al. 1998), which serves to increase their 

likelihood of seeking new information in the form of advice from professionals. Thus, within our 

context of financial advice, we hypothesize that: 
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H6: perceivers will be more likely to seek financial advice than judgers. 

2.2.7 Feeler-Thinker Personality 

Individuals also differ in how they come to decisions; thinkers draw conclusions using a 

logical process that is objective, analytical, and impersonal, while feelers are guided by personal 

values, focusing on the impact that the decision will have on the people involved (Myers and 

Myers 1980; Myers 1976; Myers et al. 1998). With respect to help seeking, evidence suggests 

that thinkers are more likely to use the services of help providers (Janowsky et al. 1999; 

Mendelsohn 1966), possibly due to perceived similarity with advisors and their approach to 

advice giving (Nelson and Stake 1994). Specifically, thinkers may be more willing to engage in 

help seeking due to a perception that advisors primarily emphasize testing and reasoned decision 

making (Healy and Woodward 1998), which is more appropriate for their decision-making style. 

Since FAs use a logical fact driven approach that emphasizes objective measures of performance 

while using technical terminology, charts, and figures, we hypothesize that: 

H7: thinkers will be more likely to use the services of FAs than feelers. 

2.2.8 Optimism-Pessimism 

Optimism and pessimism measure individuals’ outlook about the future. Optimists 

generally expect that their future will involve positive outcomes and pessimists largely anticipate 

negative outcomes (Scheier, Carver, and Bridges 1994), impacting their approaches to coping. 

While the former group copes by removing the source of the stress, the latter often reverts to 

mechanisms such as denial and mental and behavioural detachment (Scheier, Carver, and 

Bridges 1994). Given this difference, it is not surprising that optimists are more likely to seek 

instrumental social support, which involves seeking advice, information, or assistance (Carver, 

Scheier, and Weintraub 1989; Felton, Gibson, and Sanbonmatsu 2003). Second, due to 
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differences in outcome expectancies, optimists continue to pursue goals even after negative 

information is received, whereas pessimists disengage (Carver and Scheier 1982; Carver and 

Scheier 2001). This behaviour is self-reinforcing since optimists have an unconscious attentional 

bias for positive information and pessimists have a bias towards noticing negative information 

(Segerstrom 2001). In light of the impact on coping and goal attainment, we hypothesize that: 

H8: optimists will have a higher propensity to use FAs compared to pessimists.  

2.3 Investor Heterogeneity 

Given the established role of investor psychology in general (e.g. Barber and Odean 

2001; Benartzi and Thaler 1995; Kahneman, Knetsch, and Thaler 1991; Shefrin and Statman 

1985), and personality factors in particular (e.g. Durand et al. 2013; Durand, Newby, and 

Sanghani 2008; Oehler et al. 2018) with respect to investment decisions, large banks have 

developed new tools that are designed to determine the wealth personalities of the existing high-

worth clients in order to augment the current wealth advisory process (Peachey 2013; Sun Life 

Financial 2016; Wright 2017). Executives observe, through this profiling process, that, even in a 

relatively similar group of individuals (e.g. high-income individuals that work with the same 

bank), there are significant differences in wealth personalities that affect investment decisions. In 

line with the fundamental marketing principle that markets are heterogeneous (Shao, Lye, and 

Rundle-Thiele 2009; Suárez et al. 2004), it is not hard to see that these differences would only be 

intensified in more diverse populations.  

Even still, extant research on financial advice assumes that individuals come from a 

single population (see Table 1) and that they are driven by the same motivators in the exact same 

way when approaching the investing or advice seeking decision. However, given the complexity 

of financial decisions, uncertainty in investment outcomes, and the nuances in motivation 
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towards seeking advice, it is likely that individuals have considerable heterogeneity in their 

approach, which should be accounted for when modeling the financial advice decision for two 

critical reasons. First, understanding differences in individuals’ motivations for adopting FAs is 

key for developing differentiated products/services and targeted communications/promotional 

campaigns. Second, pooling the data across heterogenous groups of consumers leads to biased 

parameter estimates (Chintagunta and Vilcassim 1998; Gönül and Srinivasan 1993; Hsiao 2014; 

Jedidi, Jagpal, and DeSarbo 1997) and, consequently, misleading insights and implications. 

3 MODEL DEVELOPMENT 

In order to understand the motivations to seek financial advice while simultaneously 

accounting for investor heterogeneity, we develop a latent class choice formulation. More 

specifically, we model consumers’ probability of working with a FA using a binomial logit 

model under the latent class framework (see Frasquet, Ieva, and Ziliani 2019; Hallikainen, 

Alamäki, and Laukkanen 2019; Meyerding, Bauchrowitz, and Lehberger 2019; Nakano and 

Kondo 2018; Sands et al. 2019 for examples in marketing), which enables us to simultaneously 

perform segmentation and estimation, and to derive the probabilistic segment structure in the 

retail investor market, thereby overcoming problems with apriori definition of segments or 

sequential procedures (Rabe-Hesketh and Skrondal 2008; Wedel et al. 1993).  

Assuming that there are ! consumers in the market, we represent the choice regarding 

financial advice by:  

"! = $			1,		0, 
if	individual	*	hires	a	financial	advisor 
otherwise 

 

where, "! is the realization of a binomially distributed random variable )! that takes the value of 

one with a probability of *! and zero with a probability 1 − *! (Equation 1). 
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,()! = "!) = *!
"!(1 − *!)#$"! (1) 

When making this decision, an investor hires a FA only if her latent utility from this decision, 

/"! , is greater than that of the status quo /(#$"!). However, not all individuals approach the 

financial advice decision the same way. Instead, we assume that each individual belongs to one 

of the S unobserved segments and that this membership is not known in advance. Under this 

assumption, the probability that an individual belongs to segment 0 is 1(, with the following 

constraints: 

0 < 1( < 1	345	61( = 1
)

(*#
 

(2) 

Then, conditional on an individual belonging to segment s, the probability of individual n 

working with an investment professional (i.e. "! = 1) can be written as:  

,!|(()! = "!) = ,!|(7/("! > /((#$"!).9 (3) 

Taking this heterogeneous approach, we then model the utility of a consumer in segment 

0, using the linear specification in Equation (4). 

/( =6:,(;,
-

,*#
+ =( 

(4) 

Here, the first term in Equation (4), :,(;,, represents the deterministic component of the utility 

function where ;, are the > individual level variables – including personality type, risk tolerance, 

self-efficacy, trust in and attitude towards FAs – and :,( represents the impact of variable ;, on 

the utility of individuals in segment	0. On the other hand, =( represents the stochastic component, 

which accounts for other factors that may influence individuals’ decisions but are not included in 

the model, such as advisor characteristics, network effects, and advertising exposure. We assume 

that this error term is independently and identically distributed following a Weibull (i.e., extreme 
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value) distribution, which allows us to specify the conditional probability of individual 4 in 

segment 0 choosing to use the services of a FA with a logistic formulation as: 

,!|(("! = 1) =
?@A	(∑ :,(;,-

,*# )
1 + ?@A	(∑ :,(;,)-

,*#
 

(5) 

Given this model specification, we calculate the conditional likelihood for individual 4 

and the unconditional log-likelihood over the whole sample of individuals as in Equation (6) and 

Equation (7), respectively. 

C!|( = ,!|("!71 − ,!|(9
#$"! (6) 

CC(1(, :) = 6 ln	[61(,!|("!71 − ,!|(9
#$"!]

)

(*#

.

!*#
 

(7) 

Next, we maximize the log-likelihood function in Equation (7) with respect to 1( and :, subject 

to constraints in (2), using the EM algorithm (Dempster, Laird, and Rubin 1977; McLachlan and 

Basford 1988), which allows us to simultaneously estimate the segment membership and the role 

of investor specific variables on the financial advisor choice. Finally, upon estimation, we assign 

consumers to each class, 0, through the estimated posterior probability via the Bayes Rule: 

H!( =	
1I(C!|(

∑ 1I(C!|()
(*#

 
(8) 

4 EMPIRICAL ANALYSIS 

4.1 Data Set and Variable Operationalization 

We administered an online survey to 1,050 individuals across Canada using a Qualtrics’ 

general panel. Through preliminary data screening and quality checks, we removed 128 

responses for reasons such as speeding, patterned answers, and failing to correctly respond to 

attention check questions, leaving a high-quality sample of 922 respondents for the analysis. As 
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seen in Table 3, the data is quite consistent with the Canadian population, with respect to general 

demographic characteristics and investment behavior. 

--- Insert Table 3 about here --- 

In the survey design we use the following procedure. We begin by using existing scales 

from the academic literature, all of which are multi item scales except risk tolerance and trust in 

FAs, as highlighted in Table 4. Next, to ensure that these multi-item scales are aligned with 

theoretical expectations, we conduct an exploratory factor analysis (EFA) using the principal 

axis factoring method and the Varimax with Kaiser Normalization rotation since the correlations 

between the constructs are low to moderate (Fabrigar et al. 1999; Tabachnick and Fidell 2007). 

Then, using the results from the EFA, we construct the factors by including items with loadings 

that are greater than or equal to .35 and when the item does not load onto multiple factors 

(Loewenthal 2001). Finally, we calculate a composite score for all of the multi-item factors, 

except positive and negative attitudes, by averaging the individual scale item values. In contrast, 

for positive and negative attitudes, the composite score is calculated as the percentage of positive 

and negative words that are selected, respectively. We provide descriptive statistics for these 

constructs in Table 5 and more details on these scales in the Appendix.    

--- Insert Table 4 and 5 about here ---  

We summarize the correlations between our focal constructs and Cronbach’s alpha (CA) 

in Table 6. The results suggest strong reliability for each of the multi-item scales since CA is 

above the commonly cited threshold of .70 for all multi-item scales except the personality 

measures. Even still, we retain the personality constructs for the analysis since 1) they show 

strong inter-item correlations (See Appendix), indicating high reliability (Briggs and Cheek 

1986; Clark and Watson 1995) and 2) the simplified Myers Briggs Type Indicator test results in 
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very short scales that naturally leads to lower CA regardless of reliability (Clark and Watson 

1995; Cortina 1993; Cronbach 1951; Loewenthal 2001; Streiner 2003; Tavakol and Dennick 

2011). 

--- Insert Table 6 about here ---  

At last, prior to estimation, we apply z-score standardization for increased efficiency and 

faster convergence of the optimization algorithm, as well as for easier interpretability and direct 

comparison of the regression coefficients.    

4.2 Results: Motivational Drivers of Financial Advisor Use 

We provide the estimation results for the proposed model with heterogeneity and the 

pooled model with no heterogeneity in Table 7. While we only present the pooled model as an 

alternative, we also analyzed solutions with 3 to 5 segments, all of which were similarly inferior 

to the proposed model based on their AIC values. Careful examination of Table 7 reveals that the 

proposed model is not only statistically better with a lower AIC value, but it also allows for 

nuanced findings and unbiased coefficient estimates. Specifically, it 1) successfully identifies 

factors influencing the two segments inversely and 2) accurately estimates the effect sizes of 

each variable for each group, which we show to be substantially different.  

--- Insert Table 7 about here --- 

We profile the two segments by examining the drivers of the financial advice decision 

(Table 7) and comparing the group means across a range of behavioral, psychographic, and 

demographic variables in Table 8. Collectively, Tables 7 and 8, suggest that the two segments 

differ not only in their motivation to seek advice – Segment 1 is influenced by a greater number 

of factors and to a larger extent – but also in their compositions. In particular, Segment 1, which 

constitutes 35% of the sample, comprises individuals who are more financially literate, have 
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higher incomes and annual savings, and are more likely to work with FAs compared to those in 

Segment 2. Moreover, individuals in Segment 1 score higher on risk tolerance, optimism, trust in 

FAs and their substitutes, and self-efficacy. Finally, Segment 1 has more favourable attitudes 

towards FAs, as evidenced by higher (lower) scores for the positive (negative) attitude measure.  

--- Insert Table 8 about here --- 

With an understanding of the segment profiles, we then assess the factors that influence 

the decision to use a financial advisor by examining the estimation results from the two-segment 

model in relation to the hypotheses from Section 2.2. As summarized in Table 9, the results 

support the majority of the hypotheses, with the exceptions relating to optimism and introversion 

vs. extraversion, which are not statistically significant in influencing the decision to work with a 

financial advisor.  

--- Insert Table 9 about here --- 

As predicted, risk tolerance and self-efficacy positively impact the propensity to seek 

financial advice; however, the effect size is around four and six times larger for Segment 1 

compared to Segment 2 (1.49 vs. 0.41 for risk tolerance and 3.52 vs. 0.56 for self-efficacy). 

Supporting our expectations, trust, both in FAs and their substitutes, significantly impacts the 

propensity to seek advice, albeit in different directions. Individuals who trust FAs (advisor 

substitutes) are more (less) likely to use FAs. While the effect size for advisor trust is five times 

larger for Segment 1 (3.74) vs. Segment 2 (0.71), trust in substitutes is only significant for 

Segment 1. Similar to trust in advisor substitutes, personality traits only influence Segment 1. 

Specifically, the higher the individual’s score on the perceiver vs. judger (feeler vs. thinker) 

scale, the higher (lower) the likelihood of her working with a FA, confirming our hypotheses. 

Perhaps the most striking difference between the two segments is in how they are influenced by 
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attitudes towards FAs. While Segment 1 is motivated by positive attitudes, Segment 2 is deterred 

by negative attitudes. This difference is likely rooted in the differences in regulatory focus, 

where Segment 1 are focused on promotion concerns and Segment 2 are focused on prevention 

concerns.  

In summary, the results underscore the presence of heterogeneity across investors. 

Specifically, Segment 1 is impacted by more factors, and to a larger extent by these factors, 

when deciding whether or not to use a FA, which suggests that they contemplate the financial 

advice decision to a greater degree and consequently are more involved in the advice seeking 

decision. Moreover, Segment 1 has greater experience in the investment category since they are 

more financially literate, have higher savings, and are more likely to invest in registered savings 

plans. 

5 MODEL VALIDATION 

5.1 Predictive Performance 

Although the significant differences between the pooled and the two-segment model 

serve as strong support for the inclusion of heterogeneity into the model specification, we 

provide further support by comparing the prediction accuracy of both models. As seen in Table 

10, the proposed model correctly predicts whether or not an individual uses the services of a 

financial advisor at an average rate of 91%, with high accuracy for both users (81%) and non-

users (95%). In comparison, the hit rate is lower for the pooled model in both groups, 

particularly for financial advisor clients at 66%, further demonstrating the superiority of the two-

segment model. 

--- Insert Table 10 about here --- 
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5.2 Model Identification  

To prove that the two-segment model is empirically identified, we test the classification 

performance of the model using a simulated dataset, which we generated using known segment 

membership and parameter estimates. The results indicate that the model is able to successfully 

recover class membership with an overall accuracy of 75% and prediction scores of 60% and 

84% for segment 1 and segment 2, respectively.  

6 CLASSIFICATION 

Given that the two-segment model is superior to the pooled model, practitioners need to 

be able to easily classify individuals into a given segment prior to tailoring their marketing 

approach to each customer. To aid practitioners with this task, we develop a machine learning-

based classification algorithm to assign prospective investors into the aforementioned segments 

based solely on demographic and investment behavior information that was collected through 

the survey and has not been used in the identification of the segments. More specifically, we 

estimate a binomial logit model with segment membership as the dependent variable and gender, 

age, post-secondary education dummy, single income household dummy, income, household 

composition, financial literacy, savings, retirement plan dummy, and registered investment 

dummy as independent variables. In doing so, we demonstrate that financial institutions can 

accurately classify prospective clients to correct segments using information that is readily 

available.  

As seen in Table 11, we assess the machine learning based classification performance by 

examining both overall prediction accuracy as well as sensitivity and specificity, which refer to 

the true positive and true negative rates, respectively. The results indicate that the algorithm does 

well overall and with respect to sensitivity, accurately predicting approximately 65% of all 



 

 157 

respondents and 68% of Segment 2 members. In contrast, specificity, the ability of our classifier 

to correctly identity individuals in Segment 1, is less strong but still acceptable at 54%. 

--- Insert Table 11 about here --- 

It is important to note that the machine learning based classification results depend on the 

choice of threshold. For example, the current results are based on a threshold of .60, which 

dictates that individuals are classified to Segment 2 when the predicted probability of class 

membership is above .60. Financial institutions can adjust this classification threshold in 

alignment with their current goals to improve classification performance for a specific segment, 

as illustrated in Figure 1. In particular, a higher (lower) threshold decreases (increases) 

sensitivity but increases (decreases) specificity, thus improving prediction accuracy for Segment 

1 (Segment 2).  

--- Insert Figure 1 about here --- 

Finally, we calculate the machine learning based classification performance using holdout 

data to test the performance of the classification out of sample. Specifically, we create a stratified 

sample of respondents, distributing 80% of the observations to a training sample and 20% to a 

test sample, keeping the distribution of financial advisor use the same across the two sets. 

Running the algorithm on the training set and using the results to predict segment membership 

for both the training and the test set yields an overall accuracy rate that is relatively consistent 

across both datasets, demonstrating that overfitting is not a concern. These holdout predictions 

are provided in Table 12. 

--- Insert Table 12 about here --- 

7 DISCUSSION AND IMPLICATIONS 

7.1 Contributions 
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This study makes three significant contributions to the extant financial advice literature. 

First, we identify the key motivational drivers of FA use, expanding on the current research, 

which focuses on the demographic characteristics of investors. Hence, our aim is to develop tools 

to increase the adoption of FAs, rather than to merely describe who uses their services.  

Second, we measure the impact of these behavioral and psychographic factors on 

investors’ propensity to seek advice while allowing for individual-level heterogeneity. In 

particular, unlike extant research, which assumes that the same factors influence the whole 

investor market in the same way, we adopt a latent class approach to simultaneously estimate 

both the number of segments in the market and their distinct utility formulations leading to the 

advice seeking decision. The results show two distinct groups in the retail investor market, each 

with key differences in how they approach the advice seeking decision. Segment 1 (2) is more 

(less) experienced in the investment market, more (less) involved in the advice seeking decision, 

and is impacted by positive (negative) attitudes towards advisors. Given the results, it is clear 

that accounting for investor heterogeneity is pivotal since it not only allows for a more nuanced 

and accurate description of the investment market while avoiding biased parameter estimates, but 

it also enables the creation of actionable communications and targeting strategies specific to each 

group.  

Third, we develop a machine-learning based classification algorithm to determine 

segment membership using demographic and financial behaviour data that have not been used in 

the identification of the segments. In so doing, we demonstrate that financial institutions can use 

readily available data to correctly identify segment membership, and thence motivational drivers 

of prospective clients, allowing for the development of more effective marketing communication 

strategies, which we summarize in Table 13 and discuss next. 
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7.2 Managerial Implications 

Collectively for the market, decision makers should engage in three strategies. First, FAs 

should demonstrate their ability to accommodate clients with different risk tolerance by tailoring 

investment plans to the risk profile of the client. Second, FAs should focus on increasing the 

level of trust amongst investors by demonstrating consistent portfolio performance, anticipating 

and effectively resolving client problems, and prioritizing investors’ needs (Sirdeshmukh, Singh, 

and Sabol 2002). Moreover, trust can be promoted by partaking in meaningful and timely 

communication with clients (Hunt and Morgan 1996), engaging in corporate social responsibility 

(CSR) activities (Homburg, Stierl, and Bornemann 2013), and demonstrating expertise and 

dependability to potential investors (Macintosh 2009). Third, FAs should increase consumer self-

efficacy by sponsoring financial planning workshops and enhancing transparency during client 

interactions to foster financial literacy. 

--- Insert Table 13 about here --- 

In addition to these universal strategies, institutions should consider the personality type 

of Segment 1 clients, particularly in the judger-perceiver and thinker-feeler dimensions. On this 

point, we offer four suggestions. First, communication towards judgers should focus on FAs’ 

ability to increase the speed of decision making and reduce volatility in financial performance 

through diversification and appropriate asset allocation. Furthermore, the messaging should be 

free of exorbitant information and, rather, should present carefully selected information in a clear 

and concise manner to ensure that judgers take in new information with an open mind. Second, 

for perceivers, financial institutions should highlight FAs’ ability to generate customized 

financial plans that can be adjusted over time, thus ensuring that perceivers feel that their 

investment options can be adapted to new situations as they arise. Communication with 
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perceivers should also position the relationship with FAs as a tool for improving one’s own 

investment knowledge, tapping into their innate curiosity for new information. Third, when 

dealing with thinkers, FAs should follow a fact driven approach by emphasizing objective 

measures of performance and using technical terminology, charts, and figures. Fourth, when 

dealing with feelers, the approach to the financial planning process should be personal, focusing 

on non-performance related metrics of performance such as retirement readiness and security for 

loved ones. 

Unlike personality types that influence Segment 1 alone, regulatory focus is an important 

driver for investors in both segments. Specifically, investors in Segment 1 (2) are promotion 

(prevention) focused and value gains (non-losses) more than non-losses (gains). Therefore, when 

targeting Segment 1 (2) institutions should focus on the potential for positive outcomes (absence 

of negative outcomes) in ads and targeted messages, or when comparing alternative products 

(e.g. mutual funds). Moreover, when targeting Segment 1 (2) FAs should offer high return (low 

risk) securities to trigger ideal-self (ought-self) goals and highlight potential future gains (loss 

avoidance).  

Finally, robo-advisors would be an effective channel for individuals in Segment 2 given 

their high score and sensitivity to negative attitudes towards FAs. This approach will minimize 

human interaction and emotional involvement, while preventing negative attitudes from 

developing and influencing the advisee-advisor relationship. On the contrary, human advisors 

would work well for Segment 1, who thrive on discussion and information exchange due to their 

positive attitudes towards financial advisors and keen involvement in the investment process. 
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TABLES AND FIGURES  
Table 1: Summary of Financial Advice Literature 

Author (Year) Data Method Motivational Drivers Investor 
Heterogeneity 

External 
Validity 

This Study Survey Data From 

General Panel in 

Canada 

Latent Class 

Choice 

Model 

Strictly motivational 

drivers 

þ þ 

 

 

Bluethgen et al. 

(2008) 

Large German Retail 

Bank Data 

Probit 

Model 

Primarily demographic 

variables 

Exception: risk-

aversion 

 

ý ý 

 

Bhattacharya et 

al. (2012) 

Large German 

Brokerage Data 

Probit 

Model 

Primarily demographic 

and investment 

behavior variables 

Exception: length of 

relationship with 

brokerage firm 

 

ý ý 

 

 

Hackethal, 

Haliassos, and 

Jappelli (2012) 

Brokerage Data and 

German Branch Based 

Commercial Bank Data 

Linear 

Probability 

Model 

Primarily demographic 

variables 

ý ý 

 

 

Marsden, Zick, 

and Mayer (2011) 

Online Survey Data 

From A Large 

University 

Logistic 

Regression 

Demographic variables 

and attitudes and 

perceptions towards 

investing, retirement, 

and the economy 

 

ý ý 

 

 

Karabulut (2013) Large German 

Commercial Bank Data 

Probit 

Model 

Primarily demographic 

variables 

Exceptions: investor 

biases and risk 

tolerance 

 

ý ý 

 

 

Hung and Yoong 

(2010) 

Data Set #1: Survey 

data from defined 

contribution plan 

holders in the RAND 

American Life Panel 

Data Set #2 

Experimental Data 

 

Linear 

Probability 

Model 

Primarily demographic 

variables 

ý ý 

 

Montmarquette 

and Viennot-Briot 

(2012) 

Survey Data from a 

large set of working-

age Canadian 

households 

Probit 

Model 

Primarily demographic 

variables 

Exceptions: risk 

aversion and preference 

for immediate 

consumption vs 

investing 

ý ý 
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Table 2: Hypotheses 

Drivers of Financial Advice Use Impact on Probability to Seek Advice 
Risk Tolerance + 

Self-efficacy + 

Trust in FAs + 

Trust in FA Substitutes - 

Attitudes  

Positive Attitudes Towards FAs + 

Negative Attitudes Towards FAs - 

Personality  

Introversion (vs. Extraversion) - 

Perceiving (vs. Judging) + 

Feeling (vs. Thinking) - 

Optimism (vs. Pessimism) + 

 

Table 3: Data Composition 

Variable Data Composition 
Male 50% 
Average Age 40.23 
Post-Secondary Education 73% 
Household Composition  

Other Family Types 
Single Individual Household 
Couples with no Children 
Couples with Children 
Single Parent Family 

 
7% 
29% 
26% 
31% 
6% 

Single Income Earner 44% 
Income $72,586 
Financial Literacy 67% 
Financial Advisor Use 29% 
Has Brokerage Account 18% 
Annual Household Savings  $8,659 
Has Retirement Plan 52% 
Has Registered Savings Plans 69% 

Has Registered Retirement Savings Plan (RRSP) 55% 
Has Registered Retirement Income Fund (RRIF) 4% 
Has Tax Free Savings Account (TFSA) 51% 
Has Registered Education Savings Plan (RESP) 15% 
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Table 4: Scale Summary 

Variable Number of Items Scale Measurement Interpretation Source 

Risk Tolerance 1 4-point scale Higher score = higher risk tolerance Gilliam, Chatterjee, and Grable (2010) 

Self-Efficacy 4 5-point scale Higher score = higher self-efficacy Montmarquette and Viennot-Briot (2012)a 

Trust in FAs 1 5-point scale Higher score = higher trust Montmarquette and Viennot-Briot (2012) 

Trust in FA Substitutes 4 5-point scale Higher score = higher trust Montmarquette and Viennot-Briot (2012) 

Attitudes     

Positive Attitudes Towards FAs 8 Proportion Higher score = higher positive attitudes Montmarquette and Viennot-Briot (2012) 

Negative Attitudes Towards FAs 8 Proportion Higher score = higher negative attitudes Montmarquette and Viennot-Briot (2012) 

Personality     

Introversion (vs. Extraversion) 3 5-point scale Higher score = introvert Pompian and Longo (2004) b 

Perceiving (vs. Judging) 3 5-point scale Higher score = perceiver Pompian and Longo (2004) b 

Feeling (vs. Thinking) 3 5-point scale Higher score = feeler Pompian and Longo (2004) b 

Optimism 6 5-point scale Higher score = higher optimism Scheier, Carver, and Bridges (1994) 

a 1 item from Montmarquette and Viennot-Briot (2012) and 3 original survey questions 
b Simplified version of the Myers-Briggs Type Indicator test (Myers 1962) 
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Table 5: Summary Statistics for Segmentation Variables 

Variable Mean SD Median Min Max 

Financial Advice Use 0.29 0.45 0.00 0.00 1.00 

Risk Tolerance 1.97 0.85 2.00 1.00 4.00 

Self-efficacy 3.30 0.88 3.25 1.00 5.00 

Trust in FAs 3.23 1.10 3.00 1.00 5.00 

Trust in FA Substitutes 2.87 0.82 3.00 1.00 5.00 

Attitudes      

Positive Attitudes Towards FAs 34.19 30.72 25.00 0.00 100.00 

Negative Attitudes Towards FAs 17.86 26.93 12.50 0.00 100.00 

Personality      

Introversion (vs. Extraversion) 3.46 0.80 3.33 1.33 5.00 

Perceiving (vs. Judging) 2.28 0.74 2.33 1.00 5.00 

Feeling (vs. Thinking) 2.86 0.81 3.00 1.00 5.00 

Optimism 3.08 0.79 3.00 1.00 5.00 
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Table 6: Cronbach’s Alpha and Pairwise-Correlations for Segmentation Variables 

  Correlations 

Variable  CA* 1 2 3 4 5 6 7 8 9 10 

1. Risk Tolerance N/A 1.00          

2. Perceiver 0.50 0.09 1.00         

3. Feeler 0.60 -0.02 0.14 1.00        

4. Introvert 0.60 -0.16 -0.01 -0.09 1.00       

5. Optimism 0.80 0.18 -0.03 0.10 -0.19 1.00      

6. Trust in FA Substitutes 0.80 0.03 0.06 0.07 -0.09 0.08 1.00     

7. Self-efficacy 0.80 0.37 -0.04 -0.07 -0.15 0.39 0.12 1.00    

8. Trust in FAs N/A 0.17 0.00 0.12 -0.18 0.21 0.42 0.17 1.00   

9. Positive Attitudes Towards FAs 0.80 0.09 -0.04 0.07 -0.09 0.14 0.16 0.04 0.41 1.00  

10. Negative Attitudes Towards FAs 0.90 -0.10 0.01 -0.03 0.01 -0.13 -0.04 -0.08 -0.25 0.17 1.00 

*CA - Cronbach's Alpha            
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Table 7: Estimation Results 

  Parameter Estimates Impact on Odds of FA Use 
 Pooled 

Model  
(S = 1 

Solution) 

 
Proposed Model 
(S = 2 Solution) 

 
 

Predictor Variable  Segment 1 Segment 2 Segment 1 Segment 2 
Intercept -1.59*** 

(-13.11) 
-3.14** 
(-3.18) 

-2.18*** 
(-5.86) 

0.04 0.11 

Risk Tolerance 0.47 *** 
(-4.34) 

1.49 * 
(2.45) 

0.41 * 
(2.22) 

4.44 1.50 

Perceiver 0.09 
(0.85) 

2.06 * 
(2.46) 

-0.35. 
(-1.83) 

7.88 0.71 

Feeler -0.17 . 
(-1.72) 

-1.98 * 
(-1.98) 

0.29 
(1.44) 

0.14  

Introvert -0.18 . 
(-1.82) 

-0.28 
(-0.70) 

-0.19 
(-1.10) 

  

Optimism -0.19. 
(-1.68) 

0.46 
(0.86) 

-0.31 
(-1.64) 

  

Trust in FA Substitutes -0.41*** 
(-3.90) 

-2.68** 
(-3.00) 

-0.02 
(-0.08) 

0.07  

Self-efficacy 0.99 *** 
(7.71) 

3.52 ** 
(3.02) 

0.56** 
(2.60) 

33.90 1.75 

Trust in FAs 0.96 *** 
(7.19) 

3.74 ** 
(2.88) 

0.71** 
(3.13) 

41.98 2.02 

Positive Attitudes 
Towards FAs 

0.83*** 
(6.78) 

2.97 ** 
(2.92) 

0.39 
(1.63) 

19.52  

Negative Attitudes 
Towards FAs 

-0.76*** 
(-6.24) 

-1.00. 
(-1.93) 

-1.94** 
(-2.90) 

 

0.37 0.14 

LnLIK -336.67 -322.30 
688.61 

  
AIC 695.35   

Standardized Parameter Estimates (t-value) 
*** significant at .1%   ** significant at 1%   * significant at 5%   . significant at 10%
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Table 8: Segment Composition 

Variable Segment 1 
n=322 

Segment 2 
n=600 

T Statistic 

Risk Tolerance 2.14 1.88 4.65*** 
Perceiver 2.21 2.32 -2.38* 
Feeler 2.90 2.83 1.23 
Introvert 3.36 3.52 -2.90** 
Optimism 3.17 3.03 2.70** 
Trust in FA Substitutes 3.05 2.77 5.01*** 
Self-efficacy 3.51 3.19 5.49*** 
Trust in FAs 3.81 2.92 13.70*** 
Positive Attitudes Towards FAs 46.74 27.46 10.14*** 
Negative Attitudes Towards FAs 5.59 24.44 -12.04*** 
Male 51% 50% 0.32 
Average Age 40.94 39.85 1.48 
Post-Secondary Education 81% 69% 4.21*** 
Household Composition a 

Other Family Types 
Single Individual Household 
Couples with no Children 
Couples with Children 
Single Parent Family 

 
4% 
26% 
27% 
37% 
6% 

 
9% 
31% 
26% 
28% 
6% 

 
-2.85*** 
-1.80 . 
0.54 
2.55* 
0.14 

Single Income Earner 39% 47% -2.17* 
Income $82,724 $67,145 4.89*** 
Financial Literacy 70% 65% 2.25* 
Financial Advisor Use 58% 13% 14.60*** 
Annual Household Savings b $10,330 $7,762 4.08*** 
Has Retirement Plan 62% 47% 4.46*** 
Has Registered Savings Plans 81% 62% 6.27*** 

*** significant at .1%   ** significant at 1%   * significant at 5%   . significant at 10% 
 
a a chi-square test was also performed to compare the distributions for household composition across the segments. 
The results indicate that the observed frequency distributions are not the same since we reject the null hypothesis.   
X-squared = 13.23, df = 4, p-value = 0.0 
 

b some individuals selected that they did not know how much money they saved annually. These observations were 
coded with the average savings for their respective segment (Segment 1 = 10,330.12 and Segment 2 = 7,762.20).  
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Table 9: Summary of Findings 

 Direction of Impact    
Variable Segment 

1 
Segment 

2 
Effect Size Difference Hypothesis 

Supported? 
Novel 

Finding? 
Risk Tolerance + + 3.63x larger for segment 1 þ ý 

Perceiver + n.s. only important for segment 1 þ þ 

Feeler - n.s. only important for segment 1 þ þ 

Introvert n.s. n.s. n/a ý n/a 

Optimism n.s. n.s. n/a ý n/a 

Trust in FA Substitutes - n.s. only important for segment 1 þ þ 

Self-efficacy + + 6.29x larger for segment 1 þ þ 

Trust in FAs + + 5.27x larger for segment 1 þ þ 

Positive Attitudes Towards 
FAs 

+ n.s. only important for segment 1 þ þ 

Negative Attitudes Towards 
FAs 

n.s. - only important for segment 2 þ þ 

n.s. = not significant, n/a = not applicable
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Table 10: Model Comparison - Predicting Financial Advisor Choice 

 Proposed Model Pooled Model 
 Actual Choice Actual Choice 

Predicted Choice No FA Yes FA No FA Yes FA 

No FA 629 50 601 89 

Yes FA 30 213 58 174 

Accuracy 95% 81% 91% 66% 

 

Table 11: Classification Performance  

 True Membership 
Predicted 
Membership 

Segment 1 Segment 2 

Segment 1 174 192 

Segment 2 148 408 

Performance Metrics 
Overall Accuracy Specificity Sensitivity 

63% 54% 68% 

Threshold = .60  
 

Table 12: Holdout Prediction 

 True Membership 
Predicted 
Membership 

Segment 1 Segment 2 

Segment 1 38 28 

Segment 2 28 90 

Performance Metrics 
Overall Accuracy Specificity Sensitivity 

70% 58% 76% 

Threshold = .60  
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Table 13: Proposed Communication Plan 

 Segment 1 Segment 2 

T
A

R
G

E
T

E
D

 S
T

R
A

T
E

G
IE

S
 

Emphasize a promotion focus Emphasize a prevention focus 

• Target with high return 
securities 

• Target with low risk 
securities 

• Emphasize potential gains • Emphasize loss avoidance 

• Trigger ideal-self goals • Trigger ought-self goals 

Channel: Human advisors Channel: Robo-Advisors 

Take a nuanced approach to 
personality 

Personality is not a critical factor in 
advisor choice 

Judgers:  
• Focus on timely decision 

making 
• Ensure low portfolio volatility 
• Only provide vital 

information 
Perceivers:  
• Develop unique and exciting 

financial plans  
• Create financial plans that are 

adaptable 
• Provide a greater amount of 

information  
Thinkers 
• Take an objective approach 
• Utilize data, charts, and 

figures 
Feelers 
• Take a personal approach 
• Focus on non-financial 

metrics 
• Emphasize the impact on 

loved ones 

U
N

IV
E

R
S

A
L

 S
T

R
A

T
E

G
IE

S
 

Foster trust by: 
• Aiming for consistent performance 
• Anticipating and resolving customer problems 
• Prioritizing the customer’s needs 
• Engaging in timely and transparent communication with the customer 
• Partaking in meaningful corporate social responsibility 

Increase investor self-efficacy by: 
• Sponsoring financial planning workshops for investors 
• Engaging in teaching during financial planning sessions 

Account for investor risk tolerance by: 
• Making use of diversification to reduce portfolio risk, especially for 

investors with low risk tolerance  
• Tailoring portfolio allocation to match investor risk profile (e.g. higher 

allocation to stock for high-risk tolerance investors and higher 
allocation to government bonds for low-risk tolerance investors) 
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Figure 1: Receiver Operator Characteristic Curve for Classification 

 

Notes: 

!"#$	&'()*)+$	,-*$	 = 	/$0()*)+)*1	 = 	 !"#$	&'()*)+$
!"#$	&'()*)+$ + 3-4($	5$6-*)+$ 

3-4($	&'()*)+$	,-*$	 = 	1	– 	/9$:);):)*1	 = 		 3-4($	&'()*)+$
3-4($	&'()*)+$ + 	!"#$	5$6-*)+$ 
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CHAPTER 5: CONCLUSION 
Through the research contained in this thesis, we aim to provide insight into the role of 

marketing within the financial services sector, which is one of the most important sectors when it 

comes to the promotion of a strong economy (The Conference Board of Canada 2016). We 

accomplish this by using big data and advanced econometric modeling techniques to examine 

how pricing (Essay 1), sales force compensation (Essay 2), and positioning/targeting (Essay 3) 

can be utilized by financial services firms to improve performance. We conclude this research by 

summarizing the results of each of the three studies contained within this thesis, highlighting the 

key findings from each as well as the contributions relative to the extant literature (see Table 1 

for a summary).   

Beginning with Essay 1, which examines the role of pricing within the context of indirect 

lending for consumer credit, we first examine the behaviour of each of the three parties that are 

involved in the indirect lending framework, including the agent, lender, and customer. We find 

that 1) the odds of the agent selecting a pricing option from the lender provided menu of prices 

increases by 35.0% (9.1%) for every $100 (10%) increase in agent incentive (probability of 

customer acceptance), 2) the odds of the lender approving a loan application are 84.9% and 

94.0% lower for tier 2 and tier 3 customers (i.e. more risky customers), respectively, compared to 

tier 1 customers (i.e. less risky customers), 3) the odds of a tier 1 customer accepting a loan offer 

decreases by 62.6% for every 1% increase in the interest rate, and 4) while every 1% increase in 

the customer rate decreases the odds of accepting a loan offer for all customers, the magnitude is 

15.5% smaller for tier 2 customers and 2.9% smaller for tier 3 customers compared to tier 1 

customers. Then, using this understanding of the magnitude of the impact of these factors on the 

behavioural process underlying the indirect lending framework, we assess the impact of risk-
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based pricing (i.e. offering lower interest rates to customers with lower risk and higher interest 

rates to customers with higher risk) on lender profitability using an optimization approach, 

finding that implementation of risk-based pricing increases lender profitability by 26%. 

Given these results, this first essay contributes to the literature in the following ways. 

First, to the best of our knowledge, this is the first article to develop a consumer credit pricing 

model that explicitly accounts for all of the stakeholders that are involved in the indirect lending 

framework, including the agent, lender, and customer. Instead, previous research has focused 

solely on the decision made by the customer, without accounting for the important decisions 

made by the lender and agent (see Phillips, Şimşek, and Van Ryzin 2015 for an example). By 

accounting for these additional decision makers, we are not only able to more thoroughly 

understand the key factors that influence the decision making process within the indirect lending 

framework but we are also able to optimize both the customer rate and the agent incentive for 

each customer risk tier, thereby providing more robust pricing recommendations and, 

consequently, a more accurate account of the impact of risk-based pricing on lender profitability. 

Next, in the second essay, we study the behaviour of external sales representatives, 

focusing on the impact of sales force compensation on external sales force demand allocation 

and pricing decisions, again within the context of indirect lending for consumer credit. We find 

that commissions impact the demand allocation behaviour of external sales forces; however, the 

impact is much smaller than assumed by the analytical sales force compensation literature 

(Gallego and Talebian 2014). Specifically, for loans under $20,000 in region 4 of this study, we 

find that decreasing (increasing) the current commissions for each of the pricing options on the 

focal lender’s rate sheet by 40% decreases (increases) the probability of the external sales agent 

allocating demand to the focal lender by 1.25 (1.50) percentage points. Moreover, we find that 
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external sales forces use a sequential decision-making process, first selecting a pricing menu (i.e. 

a lender) and then a pricing option from the selected rate sheet. This is in contrast to a 

simultaneous decision-making process, whereby the external sales agent simultaneously 

compares all pricing options that are available from the competing lenders. Given that external 

sales forces use a sequential decision-making process, it is important to quantify the correlation 

between the error terms within each nest through the estimation process (i.e. through estimation 

of the log sum coefficient for each rate sheet). The results indicate a very low value for the log 

sum coefficients (! = 0.1), suggesting that there is a high correlation between the error terms 

within each nest and, thus, that substitutability of pricing options across competing lenders’ 

pricing menus is less likely than substitution of pricing options within a lender’s pricing menu. In 

other words, once external sales representatives select a specific lender, it is very likely that 

he/she selects a pricing option from the selected lender’s rate sheet rather than switching to a 

pricing option from a competing lender. Third, commissions play a crucial role in determining 

the pricing option that the external sales representative selects; for example, for loans under 

$20,000 in region 4 of this study, a $100 increase in commission for a rate sheet option increases 

the odds of the external sales representative selecting that option, relative to another option on 

the selected lender’s rate sheet, by 90.16%, on average. Finally, we find that the optimal 

commission rates on the pricing menu should increase exponentially with price in order to 

alleviate moral hazard concerns by shifting external sales force pricing decisions to higher price 

points, which is more profitable for the lender. In fact, we find that optimizing commissions in 

this way results in lender profitability (i.e. return on adjusted capital) increasing by 1.33 

percentage points, while holding market share constant. 
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In light of these findings, the second article in this thesis contributes to the literature in 

two important ways. First, to the best of our knowledge, this article is the first to empirically 

examine the behaviour of external sales representatives, which are used by organizations quite 

often in practice but are less understood by academics who primarily study the behaviour of 

internal sales representatives. By examining external sales force behaviour, we are able to 

examine how external sales forces allocate demand to the various providers that they represent 

while focusing on the impact that sales force compensation has on this decision. Second, we 

bridge the sales force compensation and sales force pricing delegation literatures by examining 

how sales force incentives impact external sales force pricing behaviour, focusing on how 

commission should vary as a function of price. This differs from the sales force compensation 

literature since the interaction between the sales force compensation and pricing decisions is 

generally ignored. Moreover, it differs from the sales force pricing delegation literature since we 

examine how commission should vary as a function of price rather than hold the commission 

percentage as a function of price/gross margin constant. 

Finally, in the third essay, we investigate the motivational drivers behind a person’s 

decision to seek financial advice while accounting for customer heterogeneity with the goal of 

developing customized marketing communication to increase the demand for financial advisory 

services. The results of a latent class choice model uncover two segments that underly the retail 

investor market, which differ with respect to their motivations for using financial advisory 

services. While higher levels of trust, risk tolerance, and self-efficacy increase the probability of 

using the services of a financial advisor for both segments, albeit to a much larger extent for 

segment 1, personality only impacts the financial advice decision for individuals in segment 1. 

Moreover, we find that individuals from segment 1 focus on the extent of their positive attitudes 
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towards financial advisors when deciding whether or not to use the services of financial advisors 

(i.e. segment 1 is promotion focused), whereas individuals from segment 2 focus on the extent of 

their negative attitudes (i.e. segment 2 is prevention focused). Finally, we find that individuals in 

segment 1 are more financially literate, more involved in the financial advice decision, and have 

more experience in the category compared to individuals in segment 2. 

In light of these findings, regarding the motivational drivers that underly the financial 

advice decision, we contribute to the literature in three important ways. First, this article is the 

first to identify the latent segments that underly the retail investor market, which have different 

motivational drivers underlying their decision to seek financial advice. Second, we are the first to 

determine the key motivational drivers of financial advice use, while also accounting for 

customer heterogeneity. Instead, the literature has primarily focused on quantifying the value of 

financial advice and describing the types of individuals that use financial advice, without 

examining the motivational drivers behind the financial advice decision. Third, we develop a 

classification algorithm, using readily available demographic and financial data, that can be used 

by practitioners to classify potential financial advice users into one of the two predetermined 

segments, which is a critical first step to delivering the customized marketing communication 

that we propose. 

In summary, this thesis examines the role of marketing within the financial services 

sector using a quantitative approach, applying big data and advanced econometric modeling 

techniques to explore how various marketing tools can be used by firms in this important sector 

to improve performance. Specifically, we focus on pricing (Essay 1), sales force compensation 

(Essay 2), and positioning/targeting (Essay 3) as marketing tools that can positively impact the 

outcomes for this very important sector, using the contexts of financial advice and indirect 
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lending for consumer credit for the empirical examinations within. Taken together, this work 

contributes to the extant literature by answering research questions that have largely gone 

unanswered and contributes to practice by providing tools that can be used to increase the 

effectiveness of practitioners’ marketing efforts. 
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TABLES 

Table 1: Overview of Research 

 Essay 1 Essay 2 Essay 3 
Overall 
Objective 

To understand the role of marketing within the financial services sector by examining how marketing tools, including pricing, sales force 
compensation, and positioning/targeting can be used to increase firm success 

Approach Utilizing big data and empirical modeling techniques 
Manuscript 
Research 
Objective 

Examine the behaviour of the stakeholders 
that are involved in the indirect lending 
context and provide empirical evidence for 
the profit implications of risk-based pricing 

Examine the behaviour of external sales 
representatives, focusing on the impact of 
incentives on demand allocation and pricing 
decisions made by external sales forces 

Investigate the motivational drivers behind 
a person’s decision to seek financial advice, 
while accounting for customer 
heterogeneity, with the goal of developing 
customized marketing communication to 
increase the demand for financial advisory 
services 

Context Indirect lending for consumer credit Indirect lending for consumer credit Financial advice 
Research 
Questions 

1. What factors drive the decisions made 
by the stakeholders that are involved in 
the indirect lending framework, 
including lenders, agents, and 
customers? 

2. Is risk-based pricing the optimal 
pricing strategy? And, if so, by how 
much does implementation of risk-
based pricing increase lender 
profitability?  

1. How do external salespeople that represent 
competing providers selling substitute 
goods/services decide to allocate customer 
demand? Specifically, to what extent do 
incentives determine the provider that is 
selected by the external salesperson?  

2. How do external sales representatives that 
have been delegated pricing authority 
make their pricing decision? Do external 
sales agents simultaneously compare the 
pricing options (i.e. price and agent 
incentive combinations) that are available 
from multiple providers? Or do they use a 
sequential process, whereby they first 
select a provider and then select a specific 
pricing option from the selected provider’s 
pricing menu? 

3. Can incentives be used to align principal 
(i.e. lender) and agent (i.e. external sales 
representative) goals when it comes to the 
pricing decision? In other words, can 

1. What are the motivational drivers that 
impact a person’s decision to use 
financial advisory services and how do 
these factors differ by segment? 

2. How can marketers identify these 
segments using readily available 
customer information? And, once 
identified, how can marketers target 
these segments through customized 
marketing communication in order to 
increase the uptake of financial 
advice? 
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adjusting incentives change external sales 
representatives’ pricing decisions in a 
direction that increases lender 
profitability? If so, how does the optimal 
commission vary as a function of prices on 
the pricing menu (i.e. is the optimal 
commission linear in price, exponential in 
price, or some other function of price)? 

Results 1. The odds of the agent selecting a 
pricing option from the lender 
provided menu of prices increases by 
35.0% (9.1%) for every $100 (10%) 
increase in agent incentive (probability 
of customer acceptance) 

2. The odds of the lender approving a 
loan application are 84.9% and 94.0% 
lower for tier 2 and tier 3 customers 
(i.e. more risky customers), 
respectively, compared to tier 1 
customers (i.e. less risky customers) 

3. The odds of a tier 1 customer accepting 
a loan offer decreases by 62.6% for 
every 1% increase in the interest rate 

4. While every 1% increase in the 
customer rate decreases the odds of 
accepting a loan offer for all 
customers, the magnitude is 15.5% 
smaller for tier 2 customers and 2.9% 
smaller for tier 3 customers compared 
to tier 1 customers.  

5. Implementation of risk-based pricing 
increases lender profitability by 26% 

1. For loans under $20,000 in region 4 of this 
study, decreasing (increasing) the current 
commissions for each of the pricing 
options on the focal lender’s rate sheet by 
40% decreases (increases) the probability 
of the external sales agent allocating 
demand to the focal lender by 1.25 (1.50) 
percentage points 

2. External sales forces use a sequential 
decision-making process, first selecting a 
pricing menu (i.e. a lender) and then a 
pricing option from the selected rate sheet 

3. There is high correlation between error 
terms within each nest (i.e. low value for 
the log sum coefficients (λ=0.1)) 

4. For loans under $20,000 in region 4 of this 
study, a $100 increase in commission for a 
rate sheet option increases the odds of the 
external sales representative selecting that 
option, relative to another option on the 
selected lender’s rate sheet, by 90.16%, on 
average 

5. The optimal commission rates on the 
pricing menu should increase 
exponentially with price. This strategy 
results in lender profitability (i.e. return on 
adjusted capital) increasing by 1.33 
percentage points, while holding market 
share constant 

1. The results of a latent class choice 
model uncover two segments that 
underly the retail investor market 

2. Higher levels of trust, risk tolerance, 
and self-efficacy increase the 
probability of using the services of a 
financial advisor for both segments, 
albeit to a much larger extent for 
segment 1 

3. Personality only impacts the financial 
advice decision for individuals in 
segment 1 

4. Individuals from segment 1 focus on 
the extent of their positive attitudes 
towards financial advisors when 
deciding whether or not to use the 
services of financial advisors (i.e. 
segment 1 is promotion focused), 
whereas individuals from segment 2 
focus on the extent of their negative 
attitudes (i.e. segment 2 is prevention 
focused) 

5. Individuals in segment 1 are more 
financially literate, more involved in 
the financial advice decision, and have 
more experience in the category 
compared to individuals in segment 2 

Contributions 1. This is the first article to develop a 
consumer credit pricing model that 
explicitly accounts for all of the 

1. This article is the first to empirically 
examine the behaviour of external sales 
representatives 

1. This article is the first to identify the 
latent segments that underly the retail 
investor market, which have different 
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stakeholders that are involved in the 
indirect lending framework, including 
the agent, lender, and customer 

2. By modeling the indirect lending 
process in this way, we are able to 
provide insight into the factors that 
influence each of the stakeholder’s 
decisions 

3. By explicitly accounting for the agent 
in the model framework, we are able to 
optimize the agent incentive in 
addition to the customer rate, which 
allows for more robust pricing 
recommendations for indirect lenders 
and, consequently, a more accurate 
account of the impact of risk-based 
pricing on lender profitability 

2. By examining external sales force 
behaviour, we are able to examine how 
external sales forces allocate demand to 
the various providers that they represent, 
focusing on the impact that sales force 
compensation has on this decision 

3. This article bridges the sales force 
compensation and sales force pricing 
delegation literatures by examining how 
sales force incentives impact external sales 
force pricing behaviour, focusing on how 
commission should vary as a function of 
price 

motivational drivers underlying their 
decision to seek financial advice 

2. We are the first to determine the key 
motivational drivers of financial advice 
use, while also accounting for 
customer heterogeneity 

3. We develop a classification algorithm, 
using readily available demographic 
and financial data, that can be used by 
practitioners to classify potential 
financial advice users into one of the 
two predetermined segments, which is 
a critical first step to delivering the 
customized marketing communication 
that we propose 
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APPENDIX 1: COMPLETE OPTIMIZATION RESULTS 
 
Panel A: Region 1 Loan Group 1 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 5.40% 0.00% 0.00% 1.00% 1.05% 4.99% 0.00% 5.84% 5.85% 

2 5.74% 0.30% 0.25% 0.99% 0.99% 5.24% 0.15% 5.58% 5.58% 

3 5.99% 1.00% 0.50% 1.39% 1.01% 5.49% 0.25% 5.16% 5.16% 

4 6.15% 1.00% 0.75% 1.26% 1.09% 5.74% 0.80% 6.61% 6.62% 

5 6.40% 1.50% 1.00% 1.57% 1.11% 5.99% 1.00% 6.65% 6.65% 

6 6.74% 1.80% 1.55% 1.63% 1.37% 6.24% 1.55% 8.75% 8.75% 

7 6.99% 2.75% 2.17% 2.97% 1.90% 6.49% 2.05% 11.27% 11.27% 

8 7.24% 3.00% 3.03% 3.22% 3.26% 6.99% 2.75% 15.54% 15.53% 

9 7.74% 3.30% 3.98% 3.36% 5.62% 7.24% 3.00% 17.21% 17.20% 
          

 Current Optimized        

Market 
Share 17.40% 17.40%        

ROAC 8.60% 9.22%        
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Panel B: Region 1 Loan Group 2 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 5.15% 0.10% 0.00% 0.67% 0.66% 4.99% 0.10% 3.97% 3.97% 

2 5.40% 0.40% 0.25% 0.71% 0.68% 5.24% 0.40% 4.24% 4.24% 

3 5.74% 1.00% 0.50% 0.86% 0.67% 5.49% 1.40% 6.72% 6.72% 

4 5.99% 1.80% 0.75% 1.22% 0.70% 5.74% 1.65% 7.03% 7.03% 

5 6.15% 1.60% 1.06% 1.03% 0.77% 5.99% 1.80% 6.98% 6.98% 

6 6.40% 2.20% 1.77% 1.31% 1.04% 6.24% 2.30% 8.50% 8.50% 

7 6.74% 2.80% 2.72% 1.64% 1.57% 6.49% 2.55% 9.03% 9.03% 

8 6.99% 4.20% 3.54% 3.37% 2.30% 6.99% 3.90% 16.96% 16.95% 

9 7.24% 4.20% 4.49% 3.13% 3.67% 7.24% 4.20% 18.94% 18.93% 

10 7.74% 4.70% 5.44% 3.69% 5.58% N.A. N.A. N.A. N.A. 
          

 Current Optimized        

Market 
Share 17.64% 17.64%        

ROAC 12.47% 13.02%        
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Panel C: Region 1 Loan Group 3 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of 
Choice 

(Optimized) 
1 4.99% 0.10% 0.00% 1.09% 1.08% 4.99% 0.30% 6.38% 6.38% 

2 5.15% 0.20% 0.25% 1.06% 1.10% 5.24% 0.50% 6.23% 6.24% 

3 5.40% 0.80% 0.50% 1.15% 1.08% 5.49% 1.70% 8.13% 8.13% 

4 5.74% 2.05% 0.75% 1.49% 1.04% 5.74% 2.05% 8.37% 8.37% 

5 5.99% 2.30% 1.00% 1.49% 1.03% 5.99% 2.30% 8.40% 8.40% 

6 6.15% 2.10% 1.35% 1.34% 1.09% 6.24% 2.80% 9.16% 9.16% 

7 6.40% 2.75% 2.30% 1.52% 1.33% 6.49% 3.10% 9.44% 9.44% 

8 6.74% 3.20% 3.25% 1.60% 1.62% 6.99% 4.45% 13.15% 13.14% 

9 6.99% 4.55% 4.20% 2.36% 2.08% 7.24% 4.60% 13.14% 13.14% 

10 7.24% 4.60% 5.15% 2.27% 2.71% N.A. N.A. N.A. N.A. 

11 7.74% 4.85% 6.10% 2.24% 3.43% N.A. N.A. N.A. N.A. 
          

 Current Optimized        

Market 
Share 17.59% 17.59%        

ROAC 14.41% 15.12%        
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Panel D: Region 1 Loan Group 4 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of 
Choice 

(Optimized) 
1 4.99% 0.30% 0.00% 2.04% 1.94% 4.99% 0.40% 11.22% 11.20% 

2 5.15% 0.50% 0.25% 1.92% 1.83% 5.24% 0.75% 10.28% 10.27% 

3 5.40% 1.20% 0.50% 1.73% 1.70% 5.49% 2.00% 9.39% 9.39% 

4 5.74% 2.55% 0.75% 1.61% 1.54% 5.74% 2.55% 9.00% 9.00% 

5 5.99% 3.25% 1.00% 1.59% 1.45% 5.99% 2.80% 8.59% 8.59% 

6 6.15% 2.60% 1.25% 1.45% 1.39% 6.24% 3.10% 8.29% 8.29% 

7 6.40% 3.20% 2.13% 1.43% 1.34% 6.49% 3.80% 8.46% 8.47% 

8 6.74% 3.50% 3.08% 1.37% 1.34% 6.99% 4.60% 8.64% 8.65% 

9 6.99% 4.65% 4.03% 1.53% 1.46% 7.24% 4.80% 8.56% 8.57% 

10 7.24% 4.80% 4.98% 1.50% 1.67% N.A. N.A. N.A. N.A. 

11 7.74% 4.90% 5.93% 1.41% 1.91% N.A. N.A. N.A. N.A. 
          

 Current Optimized        

Market 
Share 17.57% 17.57%        

ROAC 16.06% 18.80%        
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Panel E: Region 2 Loan Group 1 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 5.40% 0.00% 0.00% 1.76% 1.83% 4.99% 0.00% 5.64% 5.64% 

2 5.74% 0.30% 0.25% 1.76% 1.76% 5.24% 0.15% 5.47% 5.48% 

3 5.99% 1.00% 0.50% 2.40% 1.77% 5.49% 0.25% 5.12% 5.12% 

4 6.15% 1.00% 0.75% 2.18% 1.88% 5.74% 0.80% 6.43% 6.44% 

5 6.40% 1.50% 1.00% 2.61% 1.90% 5.99% 1.00% 6.40% 6.40% 

6 6.74% 1.80% 1.57% 2.61% 2.25% 6.24% 1.55% 8.10% 8.11% 

7 6.99% 2.75% 2.21% 4.40% 2.99% 6.49% 2.05% 10.00% 10.00% 

8 7.24% 3.00% 3.10% 4.58% 4.87% 6.99% 2.75% 12.65% 12.64% 

9 7.74% 3.30% 4.05% 4.44% 7.51% 7.24% 3.00% 13.43% 13.42% 
          

 Current Optimized        

Market 
Share 26.75% 26.75%        

ROAC 7.31% 7.91%        
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Panel F: Region 2 Loan Group 2 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 5.15% 0.10% 0.00% 1.28% 1.26% 4.99% 0.10% 4.12% 4.12% 

2 5.40% 0.40% 0.25% 1.32% 1.26% 5.24% 0.40% 4.30% 4.31% 

3 5.74% 1.00% 0.50% 1.53% 1.20% 5.49% 1.40% 6.70% 6.70% 

4 5.99% 1.80% 0.75% 2.11% 1.19% 5.74% 1.65% 6.80% 6.80% 

5 6.15% 1.60% 1.07% 1.72% 1.30% 5.99% 1.80% 6.51% 6.52% 

6 6.40% 2.20% 1.80% 2.11% 1.70% 6.24% 2.30% 7.67% 7.67% 

7 6.74% 2.80% 2.75% 2.50% 2.44% 6.49% 2.55% 7.85% 7.85% 

8 6.99% 4.20% 3.59% 5.04% 3.50% 6.99% 3.90% 13.92% 13.91% 

9 7.24% 4.20% 4.54% 4.49% 5.44% 7.24% 4.20% 15.07% 15.06% 

10 7.74% 4.70% 5.49% 4.97% 7.77% N.A. N.A. N.A. N.A. 
          

 Current Optimized        

Market 
Share 27.07% 27.07%        

ROAC 11.13% 11.71%        
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Panel G: Region 2 Loan Group 3 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 4.99% 0.10% 0.00% 1.89% 1.90% 4.99% 0.30% 6.21% 6.22% 

2 5.15% 0.20% 0.25% 1.81% 1.89% 5.24% 0.50% 5.91% 5.91% 

3 5.40% 0.80% 0.50% 1.93% 1.81% 5.49% 1.70% 7.67% 7.67% 

4 5.74% 2.05% 0.75% 2.45% 1.66% 5.74% 2.05% 7.70% 7.70% 

5 5.99% 2.30% 1.00% 2.37% 1.59% 5.99% 2.30% 7.51% 7.51% 

6 6.15% 2.10% 1.39% 2.06% 1.67% 6.24% 2.80% 8.02% 8.02% 

7 6.40% 2.75% 2.34% 2.30% 2.02% 6.49% 3.10% 8.06% 8.06% 

8 6.74% 3.20% 3.29% 2.34% 2.41% 6.99% 4.45% 11.04% 11.04% 

9 6.99% 4.55% 4.24% 3.50% 3.08% 7.24% 4.60% 10.82% 10.81% 

10 7.24% 4.60% 5.19% 3.28% 4.03% N.A. N.A. N.A. N.A. 

11 7.74% 4.85% 6.14% 3.13% 5.02% N.A. N.A. N.A. N.A. 
          

 Current Optimized        

Market 
Share 27.07% 27.07%        

ROAC 13.44% 14.27%        
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Panel H: Region 2 Loan Group 4 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 4.99% 0.30% 0.00% 3.83% 3.60% 4.99% 0.40% 11.94% 11.90% 

2 5.15% 0.50% 0.25% 3.48% 3.27% 5.24% 0.75% 10.27% 10.23% 

3 5.40% 1.20% 0.50% 2.90% 2.87% 5.49% 2.00% 8.57% 8.57% 

4 5.74% 2.55% 0.75% 2.48% 2.45% 5.74% 2.55% 7.86% 7.86% 

5 5.99% 3.25% 1.00% 2.37% 2.19% 5.99% 2.80% 7.24% 7.24% 

6 6.15% 2.60% 1.25% 2.10% 2.05% 6.24% 3.10% 6.77% 6.78% 

7 6.40% 3.20% 1.95% 2.01% 1.88% 6.49% 3.80% 6.80% 6.82% 

8 6.74% 3.50% 2.90% 1.86% 1.83% 6.99% 4.60% 6.80% 6.82% 

9 6.99% 4.65% 3.85% 2.11% 1.99% 7.24% 4.80% 6.69% 6.71% 

10 7.24% 4.80% 4.80% 2.04% 2.30% N.A. N.A. N.A. N.A. 

11 7.74% 4.90% 5.75% 1.88% 2.65% N.A. N.A. N.A. N.A. 
          

 Current Optimized        

Market 
Share 27.06% 27.06%        

ROAC 16.33% 19.34%        
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Panel I: Region 3 Loan Group 1 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 5.40% 0.00% 0.00% 1.12% 1.14% 4.99% 0.00% 5.86% 5.87% 

2 5.74% 0.30% 0.25% 1.15% 1.14% 5.24% 0.15% 5.81% 5.81% 

3 5.99% 1.00% 0.50% 1.55% 1.18% 5.49% 0.25% 5.58% 5.58% 

4 6.15% 1.00% 0.75% 1.45% 1.27% 5.74% 0.80% 6.98% 6.98% 

5 6.40% 1.50% 1.00% 1.77% 1.33% 5.99% 1.00% 7.13% 7.13% 

6 6.74% 1.80% 1.60% 1.84% 1.64% 6.24% 1.55% 9.02% 9.02% 

7 6.99% 2.75% 2.23% 3.01% 2.17% 6.49% 2.05% 11.17% 11.17% 

8 7.24% 3.00% 3.08% 3.21% 3.35% 6.99% 2.75% 14.48% 14.48% 

9 7.74% 3.30% 4.03% 3.26% 5.16% 7.24% 3.00% 15.60% 15.59% 
          

 Current Optimized        

Market 
Share 18.37% 18.37%        

ROAC 5.86% 6.37%        
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Panel J: Region 3 Loan Group 2 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 5.15% 0.10% 0.00% 0.94% 0.92% 4.99% 0.10% 4.99% 4.99% 

2 5.40% 0.40% 0.25% 0.98% 0.93% 5.24% 0.40% 5.23% 5.23% 

3 5.74% 1.00% 0.50% 1.13% 0.91% 5.49% 1.40% 7.56% 7.56% 

4 5.99% 1.80% 0.75% 1.49% 0.93% 5.74% 1.65% 7.75% 7.75% 

5 6.15% 1.60% 1.18% 1.28% 1.06% 5.99% 1.80% 7.61% 7.61% 

6 6.40% 2.20% 1.89% 1.54% 1.34% 6.24% 2.30% 8.80% 8.80% 

7 6.74% 2.80% 2.84% 1.80% 1.83% 6.49% 2.55% 9.10% 9.10% 

8 6.99% 4.20% 3.62% 3.20% 2.42% 6.99% 3.90% 14.68% 14.67% 

9 7.24% 4.20% 4.57% 2.95% 3.49% 7.24% 4.20% 15.74% 15.74% 

10 7.74% 4.70% 5.52% 3.23% 4.71% N.A. N.A. N.A. N.A. 
          

 Current Optimized        

Market 
Share 18.54% 18.54%        

ROAC 11.24% 11.65%        
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Panel K: Region 3 Loan Group 3 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 4.99% 0.10% 0.00% 1.62% 1.61% 4.99% 0.30% 8.60% 8.60% 

2 5.15% 0.20% 0.25% 1.57% 1.59% 5.24% 0.50% 8.26% 8.27% 

3 5.40% 0.80% 0.50% 1.59% 1.53% 5.49% 1.70% 9.18% 9.18% 

4 5.74% 2.05% 0.75% 1.74% 1.44% 5.74% 2.05% 9.06% 9.06% 

5 5.99% 2.30% 1.00% 1.69% 1.40% 5.99% 2.30% 8.81% 8.81% 

6 6.15% 2.10% 1.53% 1.57% 1.44% 6.24% 2.80% 8.96% 8.96% 

7 6.40% 2.75% 2.48% 1.63% 1.56% 6.49% 3.10% 8.84% 8.84% 

8 6.74% 3.20% 3.43% 1.61% 1.68% 6.99% 4.45% 10.01% 10.01% 

9 6.99% 4.55% 4.38% 1.94% 1.87% 7.24% 4.60% 9.73% 9.73% 

10 7.24% 4.60% 5.33% 1.84% 2.12% N.A. N.A. N.A. N.A. 

11 7.74% 4.85% 6.28% 1.73% 2.30% N.A. N.A. N.A. N.A. 
          

 Current Optimized        

Market 
Share 18.54% 18.54%        

ROAC 13.59% 14.19%        
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Panel L: Region 3 Loan Group 4 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 4.99% 0.30% 0.00% 2.89% 2.61% 4.99% 0.40% 14.71% 14.65% 

2 5.15% 0.50% 0.25% 2.67% 2.40% 5.24% 0.75% 12.89% 12.85% 

3 5.40% 1.20% 0.50% 2.21% 2.16% 5.49% 2.00% 10.15% 10.14% 

4 5.74% 2.55% 0.75% 1.75% 1.90% 5.74% 2.55% 9.03% 9.02% 

5 5.99% 3.25% 1.00% 1.57% 1.72% 5.99% 2.80% 8.25% 8.24% 

6 6.15% 2.60% 1.25% 1.53% 1.61% 6.24% 3.10% 7.56% 7.55% 

7 6.40% 3.20% 1.50% 1.38% 1.48% 6.49% 3.80% 6.94% 6.95% 

8 6.74% 3.50% 1.75% 1.25% 1.33% 6.99% 4.60% 6.14% 6.15% 

9 6.99% 4.65% 2.00% 1.18% 1.23% 7.24% 4.80% 5.80% 5.81% 

10 7.24% 4.80% 2.25% 1.11% 1.15% N.A. N.A. N.A. N.A. 

11 7.74% 4.90% 2.50% 0.99% 1.03% N.A. N.A. N.A. N.A. 
          

 Current Optimized        

Market 
Share 18.53% 18.64%        

ROAC 15.29% 20.39%        
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Panel M: Region 4 Loan Group 1 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 5.40% 0.00% 0.00% 0.39% 0.40% 4.99% 0.00% 2.65% 2.65% 

2 5.74% 0.30% 0.25% 0.45% 0.45% 5.24% 0.15% 2.82% 2.82% 

3 5.99% 1.00% 0.50% 0.78% 0.52% 5.49% 0.25% 2.87% 2.87% 

4 6.15% 1.00% 0.75% 0.75% 0.61% 5.74% 0.80% 4.40% 4.40% 

5 6.40% 1.50% 1.00% 1.10% 0.71% 5.99% 1.00% 4.93% 4.93% 

6 6.74% 1.80% 1.36% 1.33% 0.89% 6.24% 1.55% 7.75% 7.75% 

7 6.99% 2.75% 1.99% 3.16% 1.50% 6.49% 2.05% 11.78% 11.78% 

8 7.24% 3.00% 2.89% 3.81% 3.39% 6.99% 2.75% 20.93% 20.92% 

9 7.74% 3.30% 3.84% 4.62% 7.91% 7.24% 3.00% 25.50% 25.49% 
          

 Current Optimized        

Market 
Share 16.38% 16.38%        

ROAC 10.08% 10.97%        
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Panel N: Region 4 Loan Group 2 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 5.15% 0.10% 0 0.24% 0.24% 4.99% 0.10% 1.80% 1.81% 

2 5.40% 0.40% 0.25% 0.28% 0.26% 5.24% 0.40% 2.10% 2.11% 

3 5.74% 1.00% 0.50% 0.40% 0.28% 5.49% 1.40% 4.36% 4.36% 

4 5.99% 1.80% 0.75% 0.71% 0.31% 5.74% 1.65% 4.92% 4.92% 

5 6.15% 1.60% 1.00% 0.57% 0.36% 5.99% 1.80% 5.12% 5.12% 

6 6.40% 2.20% 1.62% 0.85% 0.54% 6.24% 2.30% 7.17% 7.17% 

7 6.74% 2.80% 2.57% 1.26% 1.05% 6.49% 2.55% 8.20% 8.20% 

8 6.99% 4.20% 3.36% 3.81% 1.88% 6.99% 3.90% 22.42% 22.41% 

9 7.24% 4.20% 4.31% 3.57% 3.90% 7.24% 4.20% 27.32% 27.32% 

10 7.74% 4.70% 5.26% 4.88% 7.77% N.A. N.A. N.A. N.A. 
          

 Current Optimized        

Market 
Share 16.59% 16.59%        

ROAC 12.29% 13.09%        
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Panel O: Region 4 Loan Group 3 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 4.99% 0.10% 0.00% 0.42% 0.41% 4.99% 0.30% 3.03% 3.03% 

2 5.15% 0.20% 0.25% 0.43% 0.45% 5.24% 0.50% 3.18% 3.18% 

3 5.40% 0.80% 0.50% 0.55% 0.48% 5.49% 1.70% 5.68% 5.68% 

4 5.74% 2.05% 0.75% 0.99% 0.51% 5.74% 2.05% 6.49% 6.49% 

5 5.99% 2.30% 1.00% 1.07% 0.55% 5.99% 2.30% 7.04% 7.04% 

6 6.15% 2.10% 1.25% 0.93% 0.60% 6.24% 2.80% 8.79% 8.79% 

7 6.40% 2.75% 2.03% 1.25% 0.86% 6.49% 3.10% 9.88% 9.88% 

8 6.74% 3.20% 2.98% 1.50% 1.33% 6.99% 4.45% 19.32% 19.32% 

9 6.99% 4.55% 3.93% 3.06% 2.14% 7.24% 4.60% 20.19% 20.19% 

10 7.24% 4.60% 4.88% 3.01% 3.50% N.A. N.A. N.A. N.A. 

11 7.74% 4.85% 5.83% 3.21% 5.57% N.A. N.A. N.A. N.A. 
          

 Current Optimized        

Market 
Share 16.40% 16.40%        

ROAC 13.86% 14.87%        
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Panel P: Region 4 Loan Group 4 
 

 Focal Lender Competition 

Rate Sheet 
Option 

Customer 
Rate 

Commission 
(Current) 

Commission 
(Optimized) 

Probability of Choice 
(Current) 

Probability of Choice 
(Optimized) 

Customer 
Rate Commission 

Probability of 
Choice 

(Current) 

Probability of Choice 
(Optimized) 

1 4.99% 0.30% 0.00% 1.15% 1.12% 4.99% 0.40% 7.19% 7.19% 

2 5.15% 0.50% 0.25% 1.14% 1.12% 5.24% 0.75% 7.19% 7.19% 

3 5.40% 1.20% 0.50% 1.20% 1.10% 5.49% 2.00% 8.30% 8.30% 

4 5.74% 2.55% 0.75% 1.41% 1.08% 5.74% 2.55% 8.80% 8.80% 

5 5.99% 3.25% 1.00% 1.56% 1.07% 5.99% 2.80% 8.88% 8.88% 

6 6.15% 2.60% 1.61% 1.33% 1.13% 6.24% 3.10% 9.09% 9.09% 

7 6.40% 3.20% 2.56% 1.44% 1.27% 6.49% 3.80% 10.29% 10.29% 

8 6.74% 3.50% 3.51% 1.46% 1.47% 6.99% 4.60% 11.83% 11.83% 

9 6.99% 4.65% 4.46% 1.89% 1.79% 7.24% 4.80% 12.12% 12.12% 

10 7.24% 4.80% 5.41% 1.90% 2.27% N.A. N.A. N.A. N.A. 

11 7.74% 4.90% 6.36% 1.84% 2.90% N.A. N.A. N.A. N.A. 
          

 Current Optimized        

Market 
Share 16.31% 16.31%        

ROAC 16.21% 18.00%        
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APPENDIX 2: CONSTRUCT MEASUREMENT 
  Inter-item 

Correlations 
Construct 
(inspired by) 

Items (factor loadings) Average Range 

Perceiver 
(Pompian and 
Longo 2004)  
 

(1 = Mostly Judger, 5 = Mostly Perceiver) 
 
Where on the spectrum would you rank yourself in terms of the 
following statements: 
§ I am happiest after decisions have been made - - - - - I am happiest 

leaving my options open (.386) 
§ I have a work ethic; work first then play - - - - - I have a play ethic; 

play first then work (.496) 
§ I prefer to know what I am getting into - - - - - I like adapting to 

new situations (.564) 

.24 .19-.29 

Feeler 
(Pompian and 
Longo 2004)  
 

(1 = Mostly Thinker, 5 = Mostly Feeler) 
 
Where on the spectrum would you rank yourself in terms of the 
following statements: 
§ I step back; apply impersonal analysis to problems - - - - - I step 

forward; consider effect of action on others (.453) 
§ I value logic, justice, and fairness; one standard for all - - - - - I 

value empathy and harmony; see the exception to the rule (.634)  
§ I naturally see flaws and tend to be critical - - - - - I naturally like to 

please others; show appreciation easily (.582) 

.32 .28-.35 

Introvert 
(Pompian and 
Longo 2004)  
 

(1 = Mostly Extravert, 5 = Mostly Introvert) 
 
Where on the spectrum would you rank yourself in terms of the 
following statements: 
§ I like being the center of attention - - - - - I avoid being the center 

of attention (.588) 
§ I talk more than I listen - - - - - I listen more than I talk (.601) 
§ I communicate with enthusiasm - - - - - I keep enthusiasm to 

myself (.616) 

.35 .33-.37 

Optimism 
(Scheier, 
Carver, and 
Bridges 1994) 

(1 = Strongly Disagree, 5 = Strongly Agree) 
 
§ In uncertain times, I usually expect the best (.499) 
§ If something can go wrong for me, it will (R) (.651) 
§ I’m always optimistic about my future (.665) 
§ I hardly ever expect things to go my way (R) (.772) 
§ I rarely count on good things happening to me (R) (.782) 
§ Overall, I expect more good things to happen to me than bad (.724) 

.46 .27-.69 
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Trust in FA 
Substitutes 
(Montmarquette 
and Viennot-
Briot 2012) 

(1 = Strongly Disagree, 5 = Strongly Agree) 
 
§ I would trust the government (i.e. Canada Pension Plan/Quebec 

Pension Plan) for the management of my retirement savings (.570) 
§ I would trust my employer for the management of my retirement 

savings (.692) 
§ I would trust my financial institution (i.e. Banks, Trust or Credit 

Unions) for the management of my retirement savings (.692) 
§ I would trust my insurance company for the management of my 

retirement savings (.763) 

.46 .38-.58 

 
 

   

Self-Efficacy 
(Montmarquette 
and Viennot-
Briot 2012) a 
 

(1 = Strongly Disagree, 5 = Strongly Agree) 
 
§ I save or set aside an adequate part of my annual household income 

for retirement (.723) 
§ I am confident that I will have enough money to retire comfortably 

(.794) 
§ I have the knowledge, skills and confidence to make responsible 

financial decisions (.597) 
§ I am confident that I can differentiate good financial advice from 

bad financial advice (.496) 

.43 .29-.68 

Positive 
Attitudes 
Towards FAs 
(Montmarquette 
and Viennot-
Briot 2012) 

(0 = not associated with financial adviser, 1 = associated with financial 
advisor) 
 
Which of the following words do you associate with the term "Financial 
Adviser?" 
§ Competent (.611) 
§ Important (.517) 
§ Friendly (.536) 
§ Professional (536) 
§ Smart (.546) 
§ Trustworthy or trusted (.738) 
§ Honest (.717) 
§ Dependable (.671) 

.37 .21-.58 

Negative 
Attitudes 
Towards FAs 
(Montmarquette 
and Viennot-
Briot 2012) 

(0 = not associated with financial adviser, 1 = associated with financial 
advisor) 
 
Which of the following words do you associate with the term "Financial 
Adviser?" 
§ Unnecessary (.643) 
§ Dull (.729) 
§ Ego (.744) 
§ Confusing (.644) 
§ Detached (.677) 
§ Salesman (.545) 
§ Questionable (.693) 
§ Disappointing (.758) 

.47 .31-.68 

 
Notes:  
 
(R) - reverse coded 
a Only item 2 is from Montmarquette and Viennot-Briot (2012). The rest are original survey questions 



 

 211 

APPENDIX 3: RESEARCH ETHICS APPROVALS 

 

 
June 10, 2016 
 
Mr. Christopher Amaral 
Ph.D. Candidate 
Smith School of Business 
Queen's University 
Goodes Hall 
143 Union Street 
Kingston, ON, K7L 3N6 
 
GREB Ref #: GBUS-500-16; Romeo # 6018598 
Title: "GBUS-500-16 Understanding and Communicating the Value of Financial Advice: A Latent-Class 
Segmentation Approach to Mapping the Investor Market" 
 
Dear Mr. Amaral: 
 
The General Research Ethics Board (GREB), by means of a delegated board review, has cleared your proposal 
entitled "GBUS-500-16 Understanding and Communicating the Value of Financial Advice: A Latent-Class 
Segmentation Approach to Mapping the Investor Market" for ethical compliance with the Tri-Council 
Guidelines (TCPS 2 (2014)) and Queen's ethics policies. In accordance with the Tri-Council Guidelines (Article 
6.14) and Standard Operating Procedures (405.001), your project has been cleared for one year. You are reminded of 
your obligation to submit an annual renewal form prior to the annual renewal due date (access this form at 
http://www.queensu.ca/traq/signon.html/; click on "Events"; under "Create New Event" click on "General Research 
Ethics Board Annual Renewal/Closure Form for Cleared Studies").  Please note that when your research project is 
completed, you need to submit an Annual Renewal/Closure Form in Romeo/traq indicating that the project is 
'completed' so that the file can be closed. This should be submitted at the time of completion; there is no need to 
wait until the annual renewal due date.   
 
You are reminded of your obligation to advise the GREB of any adverse event(s) that occur during this one year 
period (access this form at http://www.queensu.ca/traq/signon.html/; click on "Events"; under "Create New Event" 
click on "General Research Ethics Board Adverse Event Form"). An adverse event includes, but is not limited to, a 
complaint, a change or unexpected event that alters the level of risk for the researcher or participants or situation that 
requires a substantial change in approach to a participant(s). You are also advised that all adverse events must be 
reported to the GREB within 48 hours. 
 
You are also reminded that all changes that might affect human participants must be cleared by the GREB. For 
example, you must report changes to the level of risk, applicant characteristics, and implementation of new 
procedures. To submit an amendment form, access the application by at http://www.queensu.ca/traq/signon.html; 
click on "Events"; under "Create New Event" click on "General Research Ethics Board Request for the Amendment 
of Approved Studies". Once submitted, these changes will automatically be sent to the Ethics Coordinator, Ms. Gail 
Irving, at the Office of Research Services for further review and clearance by the GREB or GREB Chair.  
 
On behalf of the General Research Ethics Board, I wish you continued success in your research. 
  
Sincerely, 

 
John Freeman, Ph.D.  
Chair 
General Research Ethics Board 
 
c:  Dr. Ceren Kolsarici and Dr. Fatma Sonmez Saryal, Supervisors  
 Dr. Pamela Murphy, Chair, Unit REB  
 Mrs. Nancy Chase, Dept. Admin. 
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February 13, 2018 
 
Mr. Christopher Amaral 
Ph.D. Candidate 
Smith School of Business 
Queen's University 
Goodes Hall 
143 Union Street 
Kingston, ON, K7L 3N6 
 
GREB Ref #: GBUS-565-18; TRAQ # 6022887 
Title: "GBUS-565-18 The Impact of Discriminatory Pricing Based on Customer Risk: An Empirical 
Investigation using Indirect Auto Lending" 
 
Dear Mr. Amaral: 
 
The General Research Ethics Board (GREB), by means of a delegated board review, has cleared your proposal 
entitled "GBUS-565-18 The Impact of Discriminatory Pricing Based on Customer Risk: An Empirical 
Investigation using Indirect Auto Lending" for ethical compliance with the Tri-Council Guidelines (TCPS 2 
(2014)) and Queen's ethics policies. In accordance with the Tri-Council Guidelines (Article 6.14) and Standard 
Operating Procedures (405.001), your project has been cleared for one year. You are reminded of your obligation 
to submit an annual renewal form prior to the annual renewal due date (access this form at 
http://www.queensu.ca/traq/signon.html/; click on "Events"; under "Create New Event" click on "General 
Research Ethics Board Annual Renewal/Closure Form for Cleared Studies").  Please note that when your 
research project is completed, you need to submit an Annual Renewal/Closure Form in Romeo/traq indicating 
that the project is 'completed' so that the file can be closed. This should be submitted at the time of completion; 
there is no need to wait until the annual renewal due date.   
 
You are reminded of your obligation to advise the GREB of any adverse event(s) that occur during this one year 
period (access this form at http://www.queensu.ca/traq/signon.html/; click on "Events"; under "Create New 
Event" click on "General Research Ethics Board Adverse Event Form"). An adverse event includes, but is not 
limited to, a complaint, a change or unexpected event that alters the level of risk for the researcher or participants 
or situation that requires a substantial change in approach to a participant(s). You are also advised that all 
adverse events must be reported to the GREB within 48 hours. 
 
You are also reminded that all changes that might affect human participants must be cleared by the GREB. For 
example, you must report changes to the level of risk, applicant characteristics, and implementation of new 
procedures. To submit an amendment form, access the application by at http://www.queensu.ca/traq/signon.html; 
click on "Events"; under "Create New Event" click on "General Research Ethics Board Request for 
the Amendment of Approved Studies". Once submitted, these changes will automatically be sent to the Ethics 
Coordinator, Ms. Gail Irving, at the Office of Research Services for further review and clearance by the GREB 
or GREB Chair.  
 
On behalf of the General Research Ethics Board, I wish you continued success in your research. 
  
Sincerely, 
 

 
Joan Stevenson, Ph.D.  
Interim Chair 
General Research Ethics Board 
 
c:  Dr. Ceren Kolsarici, Supervisor  
 Dr. Mikhail Nediak, Co-investigator  
 Dr. Pamela Murphy, Chair, Unit REB  
 Mrs. Nancy Chase, Dept. Admin. 
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