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Introduction 

Firms routinely engage channel partners to create and deliver valued products and 

services to end customers. There are a large variety of  such partners performing several 

different tasks across the stages of the buying process, including prospecting for 

customers, making product recommendations, educating customers, and closing the sale. 

Managing multiple delegated tasks poses a significant challenge because efforts on 

individual tasks are often not directly observable.  In recent years, the dominant 

theoretical approach to understanding this problem has been the principal-agent approach 

(Basu, Lal and Staelin 1985;Dutta, Bergen and Walker 1992;Bharadwaj 2001), which 

focuses on the use of payments systems that differ in the closeness with which 

compensation is tied to explicit measures. In a well-known extension, Holmstrom and 

Milgrom (1991) developed the multi-task principal-agent model to address the more 

realistic scenario where a channel member has to perform multiple tasks with varying 

degrees of output measurability. Their key insight is that the less measurable task limits 

the strength of the incentive that can be paid even for the task possessing an explicit 

measure. 

 Multi-tasking (or the presence of multiple tasks) is ubiquitous in marketing 

channels. However, there is a dearth of literature which sheds light on problems of task 

allocation and contract design in situations where firms desire to have multiple tasks 

performed through channel members. (Notable exceptions include Lal and Srinivasan 

1993; Joseph and Tevarajan 1998; Bai and Tao 2000.) In this dissertation, we attempt to 

address this gap through three essays which provide theoretical and empirical insights 
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into issues of task allocation, contract design and the relationship between contract design 

and channel performance in multi-task settings. 

Essay 1. In our first essay, we address the question of aligning task portfolios with the 

locational characteristics of channel members. Specifically, we build a stylized model 

where an upstream firm seeks to engage an agent to undertake two tasks at an outlet at a 

particular location. These tasks compete for the agent’s time. Efforts are not directly 

observable; the firm possesses an output measure for one task, but not for the other. An 

example of the task with the observed measure might be efforts to close a sale; here, the 

observed number of customers acquired is the available measure. An example of the task 

that does not possess an observed measure might be efforts to ascertain customer needs 

and/or to recommend a suitable product. 

Customer demand at each outlet is a function of a baseline demand and the efforts 

of the agent. The baseline demand captures the number of customers who patronize the 

outlet independent of the agent’s efforts on any of his multiple tasks. The firm maximizes 

profits by choosing an appropriate contract (salary, commissions, or combination) at each 

outlet.  

Our analysis shows that the compensation form used at an outlet depends on the 

baseline demand at that location. Specifically, we find that a flat wage contract is 

appropriate for an outlet with high baseline demand, while a commission-only contract  is 

appropriate for an outlet with low baseline demand. At an outlet with an intermediate 

level of baseline demand, a combination plan (i.e., flat wage plus commission) is 

appropriate. Our analysis further shows that the agent’s mix of effort on the two tasks 
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varies systematically according to the contract offered. An agent with a flat wage 

performs only the non-measurable task, while an agent with a commission-only contract 

performs only the measurable task. An agent on a combination of flat wage plus 

commission performs both tasks.  

The contracts also induce systematic differences in performance (i.e., customer 

count, revenue, etc.) across different outlets. The agent at a high baseline demand 

location (on a flat wage) generates the highest output on the contracted measure (i.e., 

customer counts) and the highest revenues, despite being offered the “weakest” 

incentives for performance. These results arise as a consequence of endogenous matching 

between task characteristics and the baseline demand of the outlet. We validate the 

predictions from our model using channel data from an emerging market context, and 

find support for our predictions on the alignment between contract choice and baseline 

demand, and the revenue consequences of contracts choice. Our model sheds insight into 

the manner in which channel contracts vary with store location in a multi-task setting, 

and provides a potential explanation for the observation in the franchising literature that 

company stores with flat wage contracts are often found in more central, high potential 

locations (Lafontaine 1992). 

While the primary focus of our first essay is theoretical, the focus of essays two 

and three is primarily empirical. Empirical work on moral hazard models in marketing 

channels is relatively less common, and can be classified into three distinct streams. The 

first stream tests refutable predictions from moral hazard models (and related theories 

like transaction cost economics) by regressing observed channel contract forms against 
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task and agent characteristics. The early work emphasized single task models (e.g., 

Anderson 1985; John and Weitz 1988), while recent work has focused on multi-tasking 

predictions, including gasoline retailing (Slade 1996) and the trucking industry (Baker 

and Hubbard 2003). Although these studies allow for robust tests of comparative statics, 

a significant limitation of these reduced-form regressions is their inability to speak to 

policy choices. For instance, managers are keen to know what would occur to revenues 

and/or margins were they to change channel incentives, but reduced forms cannot yield 

any insights on account of the lack of “policy-invariant” estimates. Salanie (2003, 2005) 

identifies another limitation, i.e., the endogenous matching between agents and contracts. 

Not accounting for this matching leads to potentially erroneous inferences about agents’ 

effort responsive to incentives, or equivalently the impact of incentives on performance. 

A second, smaller stream employs laboratory experiments (Ho and Zhang 2008; 

Lim and Ho 2007;  Lim et al. 2009) to study principal-agent interactions in channels 

settings. While laboratory studies avoid the policy invariance and endogenous matching 

problems, multi-tasking models of moral hazard have yet to be implemented in the 

laboratory. Operationalizing the costly effort of risk-averse agents along multiple task 

dimensions in a laboratory setting in a realistic fashion is the principal obstacle faced by 

this methodology. 

A relatively nascent third stream uses structural estimation of moral hazard 

models to obtain results that are robust to endogenous matching problems and which also 

admit policy evaluations. In a pioneering effort, Paarsch and Shearer (2000) evaluated 

timber workers’ responses to incentive contracts. More recently, Jiang and Palmetier 
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(2009) evaluated manufacturers’ agents’ responses to incentive contracts, with a view to 

comparing the efficacy of different contract forms. Misra and Nair (2009) and Chung et 

al. (2009) evaluate sales agents’ inter-temporal behavioral responses to quota based 

incentive contracts with a view to identifying contract forms that might attenuate the 

problem.  However, all these papers implement the single-task model, so the multi-

tasking models remain unaddressed empirically. Essays two and three are in this 

tradition, and focus on the structural estimation of moral hazard models in multi-task 

settings. 

Essay 2. In our second essay, we tailor the Homstrom Milgrom model to a specific 

institutional context, and build and estimate a structural econometric model which yields 

insights into issues of contract design and channel performance in this setting. Our 

research context is that of a firm that sells its branded mobile telephony calling plans 

through three types of outlets – company shops, dealers, and retailers. All outlets of each 

type are offered the identical contract, which varies across the three types. At each outlet, 

the agent undertakes efforts on behalf of the firm. Each period, a number of customers 

sign up for a calling plan. It is important to note that some customers would have signed 

up even in the absence of any effort by the agent - we refer to this as the baseline demand 

at that location. Once a customer is signed up, he uses the call plan, which then generates 

revenues for the firm each month until the customer terminates the agreement. We frame 

the firm’s (principal’s) problem as that of seeking to induce its agents to perform two sets 

of tasks. 
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We denote the first set of agent tasks as acquisition related; these are directly 

focused on the short-term goal of converting a prospect into a customer. We also denote 

the second set of tasks as consultative selling; these are focused on creating a good match 

between a prospect’s needs and a calling plan. In contrast to the acquisition task, which 

culminates in a verifiable event (a sign-up), the consultative task affects sign-ups as well 

as customers’ subsequent usage and tenure with the firm. Intuitively, customers who are 

offered a plan which is suited to their needs, experience greater satisfaction and are likely 

to stay with the firm for a longer duration, yielding higher revenue. 

We tailor the Holmstrom-Milgrom multi-task principal-agent model to this 

institutional context. Our model yields three contract forms, which correspond to the 

three observed contract forms employed by the firm. We then derive an econometric 

specification based on our model’s solutions and use a non-linear estimation procedure 

based on the Generalized Method of Moments approach to estimate the relevant 

parameters 

We overcome several econometric challenges, including: i) baseline demand at an 

outlet is unobserved to the analyst, ii) neither acquisition nor consultative effort is 

observed by the firm or the analyst, and iii) agent efforts on both tasks map to a verifiable 

measure  (sign-ups), but the output of ultimate interest to the firm, i.e., revenue is not 

verifiable at the time of contracting. Basically, we estimate the agent’s unobserved efforts 

on the two tasks, as well as baseline demand at that outlet. We then test the validity of 

these structural estimates by comparing our expected revenues from each outlet with an 
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independent, empirically generated post-hoc estimate. These analyses enable us to answer 

the following questions.  

1. How effective are incentives at inducing desired effort in the presence of multi-

tasking? The impetus for this question comes from formal models (e.g. 

Holmstrom and Milgrom 1991), which suggest the need for “softer” incentives 

under multi-tasking, as well as informal models (e.g. Williamson 1996), which 

emphasize the muting of incentive effects under more vertically controlled 

structures. We answer the question by comparing the magnitude of the estimated 

incentive effect when the agent is asked to perform only the first task 

(acquisition), against the case where he is expected to perform both tasks 

(acquisition and consultation). We find that the incentive effect is around 18.6% 

when only the first task is contracted for, versus a much smaller effect of around 

6% when both tasks are contracted for.  

2. What are the revenue consequences to the firm of switching from its extant 

heterogeneous channel with three outlet types to a homogeneous channel with a 

single outlet type? The impetus for this question comes from managers we 

interviewed at the firm who identified one of their most pressing problems as 

figuring out how many different types of outlets to consider? We offer insight 

using counterfactual calculations from our structural estimates. Our calculations 

show that the firm’s current mix of outlets yields 14% more revenues net of 

compensation than any of the homogeneous channel alternatives.  
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3. How much might the firm gain by further tailoring contracts? The impetus for 

this question comes from conjectures that rationalize the discrepancy between the 

relatively coarse tailoring of contract forms in practice against the fine-grained 

tailoring implied by theory (Bhattacharya and Lafontaine 1995; Holmstrom and 

Milgrom 1987; Lafontaine 1992). These conjectures focus on the transactions 

costs of writing and enforcement as the principal barrier to fine-grained 

contracting. Absent empirical quantification, however, such transaction costs 

arguments are unpersuasive because they can be suitably invoked to rationalize 

almost any observed pattern. To sharpen the argument, we quantify the benefit to 

our firm through a series of counterfactuals that successively expand the 

granularity of the contracts employed. We find that our firm would gain roughly 

6% in revenues net of compensation with outlet-specific contracts – this can be 

interpreted as an upper bound on the level of transaction costs that would make it 

unprofitable for the firm to further tailor its contracts. 

Essay 3. While our first two essays deal with situations where the tasks are required to be 

performed by the same agent (and hence task allocation and contract design go hand in 

hand), essay three focuses on an application in which the tasks are performed by different 

agents, and the issue of contract design when outputs of interest to the firm are linked by 

a two stage production process. We attempt to address this issue in a specific empirical 

setting , which is that of a sequential, two-stage process with intermediate and final 

outputs, where the intermediate output is an input into actions taken by the customer 

facing department, resulting in the final output (e.g., sales revenue) desired by the firm. 
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Here, the intermediate task is that of appointment generation, which is the responsibility 

of an inside sales (“telecalling”) department. This produces an intermediate output, 

referred to as leads or appointments, that are then passed on to outbound salespeople who 

are responsible for converting these leads to sales. As is the case in many such settings, it 

is important to achieve alignment between telecallers and salespeople, since their outputs 

are linked to achieve the solution that is delivered to the final buyer.  

Aligning the telecallers and outbound salespeople is a complex managerial 

problem for  a number of reasons: i) there are a host of possible plans the firm could try; 

ii) it is not feasible to experiment with all the possibilities in the field; iii) because 

important factors such as ability, the cost of effort, and the actual efforts put in the tasks 

of interest are generally not observable to the firm, the analyst faces the challenge of 

estimating these unobservables from observed outputs, and then using the estimates to 

analyze the consequences of alternative incentive designs; iv) with a fixed budget to 

allocate across incentives for the various departments/tasks, the relative allocation of 

incentives becomes crucial. 

 Tackling this important managerial challenge is precisely what we attempt to do 

in this study, using a unique combination of a structural model and a field experiment  to 

accomplish this task.  

A simple analytical model we build in such a setting yields two main insights: i) 

When efforts on the intermediate and final task are substitutes in the firm’s benefit 

function, the firm will prefer to concentrate incentives on the task that is more productive. 

In addition, if one considers a budget constraint, the solution mirrors that of the 
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‘knapsack’ problem in operations research, i.e., only the most productive effort will be 

incentivized initially, and the second task will be incentivized only if any budget is left 

over after the optimum level on the first task has been reached. ii) When efforts on the 

intermediate task are pure complements in the firm’s benefit function, it is always 

optimal to provide some incentive on both tasks. The intuition for this result is that when 

the tasks are complementary, the incentive on the intermediate task not only increases 

effort on that task, but also raises the productivity of effort on the final task. As a 

corollary to this analysis, we also suggest that when efforts are both complements and 

substitutes in the final effort response function, the decision on whether or not to 

incentivize the intermediate task depends on the degree of complementarity of efforts 

with regard to final outputs. If the degree of complementarity is beyond a threshold, it 

will always be optimal to incentivize the intermediate task.  

The above insights imply that estimation of the precise nature of interdependence 

between tasks is crucial in designing appropriate incentive contracts in these settings. In 

our study, we use a unique combination of  a field experiment, in conjunction with a 

dynamic estimation procedure applied to secondary data to estimate  key unobservables 

related to cost, effort and risk aversion and to understand the degree of complementarity 

between efforts. The field experiment allows us to isolate the impact of incentives on the 

intermediate and final output, and thus sets the ground for counterfactual computation of 

response under alternative incentive configurations. Our counterfactuals reveal that in 

moving from a annual incentive plan with an incentive on growth above a target to a 

monthly incentive plan which incorporates a straight incentive on intermediate outputs 
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and a bonus and incentive on final outputs, the change in plan creates a bump in sales to 

the tune of 20.5%. Around 20% of this increase in sales is due to the increase in 

intermediate output. The impact of the increase in output due to the incentive on the 

intermediate task is larger than the increase due to intermediate effort alone. The intuition 

for this is that with complementarity between efforts, incentives on the intermediate task 

not only raise the effort on that task, but increase the productivity of efforts on the final 

task, resulting in a dual incentive effect.  

Interestingly, in our setting, this dual incentive is not strong enough to suggest 

that the firm should incentivize the intermediate task. This is due to two factors: i) the 

relatively low degree of complementarity between the two efforts (over 70% of sales 

depend purely on the final efforts and do not rely on the intermediate efforts) and ii) there 

is a degree of effort on the intermediate task that can be obtained by paying a flat wage 

and monitoring effort. This result provides an explanation for the assertion made in the 

literature (Fehr et al. 2009) that in many cases where firms enter into long term contracts 

with employees, we do not observe incentive contracts despite the presence of 

contractible output measures. This is due to the fact that it is possible to pay a flat wage 

and achieve a non minimal level of effort with an implicit contract (Macleod and 

Malcolmson 1989). Our analysis allows us to improve the incentive plan offered by the 

firm, and reveals that the incentive paid beyond target achievement (on final outputs) has 

the strongest impact. Our analysis allows us to suggest a modified incentive plan that 

provides an increase in revenues to the tune of 5% over the current monthly plan, without 

increasing the incentive spend.  This is accomplished by reducing incentives on the 
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intermediate task, reducing the lump sum bonus on target achievement and increasing the 

incentive on growth beyond target. 

This study is the first to empirically analyze multi-stage production processes in 

marketing and to provide a generalizable methodology for incentive design in these 

settings. We demonstrate, both analytically and empirically, that the nature of incentives 

plans depends on the nature of interdependence between the two stages. It is the 

combination of the field experiment and structural model that enables us to estimate the 

nature of this interdependence.    
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Essay 1 

Matching Channel Tasks to Contract Form: Theory and Evidence 

1. INTRODUCTION 

Firms routinely engage channel partners to create and deliver valued products and 

services to end customers. There are a large variety of  such partners performing several 

different tasks across the stages of the buying process, including prospecting for 

customers, making product recommendations, educating customers, and closing the sale. 

Managing these delegated tasks poses a significant challenge because these efforts are 

often not directly observable.  In recent years, the dominant theoretical approach to 

understanding this problem has been the principal-agent approach (Basu, Lal, Staelin 

1985;Dutta, Bergen,Walker 1992;Bharadwaj 2001), which focuses on the use of 

payments systems that differ in the closeness with which compensation is tied to explicit 

measures. For instance, company owned outlets are compensated via “soft incentives” 

such as salary payments that are not closely tied to measures. In contrast, independently 

owned and operated outlets are paid using “hard incentives” like commission payments 

that tie compensation very closely to explicit measures (see Lafontaine and Slade, 2007 

for an extensive review). 

In a celebrated extension, Holmstrom and Milgrom (1991) developed the multi-

task principal-agent model to address the more realistic scenario where a channel member 

has to perform multiple tasks with varying degrees of output measurability. Their key 

insight is that the less measurable task limits the strength of the incentive that can be paid 

even for the task possessing an explicit measure. To concretize this issue, consider a firm 
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that has identified two channels tasks1 and has the choice of using either a company 

owned outlet or an independent outlet at each available location. How might this firm 

match its outlet types with its mix of tasks?  From a managerial perspective, Moriarty and 

Moran (1990) urge firms to employ a “hybrid channel” strategy wherein tasks are 

matched to channel types  in such as way that no task goes under-unattended. However, 

specific guidance on how to accomplish such a mapping is not available in the literature. 

In particular, ensuring that tasks that lack output measures are properly attended to 

represents a major challenge. 

In this paper, we address this question of aligning task portfolios with channel 

outlets. Specifically, we build a stylized model where an upstream firm seeks to engage 

an agent to undertake two tasks at an outlet at a particular location. These tasks compete 

for the agent’s time. Efforts are not directly observable; the firm possesses an output 

measure for one task, but not for the other. An example of the task with the observed 

measure might be efforts to close a sale; here, the observed number of customers closed 

is the available measure. An example of the task that does not possess an observed 

measure might be efforts to ascertain customer needs and/or to recommend a suitable 

product. 

Customer demand at each outlet is a function of a baseline demand and the efforts 

of the agent. The baseline demand captures the number of customers who patronize the 

outlet independent of the agent’s efforts on any of his multiple tasks. The firm maximizes 

                                                 
1  In reality, there are likely to be a number of tasks. It is useful to think of each of these two tasks as a 
composite of more narrowly defined tasks. 
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profits by choosing an appropriate contract (salary, commissions, or combination) at each 

outlet.  

Our analysis shows that the compensation form used at an outlet depends on the 

baseline demand at that location. Specifically, we find that a flat wage contract is 

appropriate for an outlet with high baseline demand, while a commission-only contract2 

is appropriate for an outlet with low baseline demand. At an outlet with an intermediate 

level of baseline demand, a combination plan (i.e., flat wage plus commission) is 

appropriate. Our analysis further shows that the agent’s mix of effort on the two tasks 

varies systematically according to the contract offered. An agent with a flat wage 

performs only the non-measurable task, while an agent with a commission-only contract 

performs only the measurable task. An agent on a combination of flat wage plus 

commission performs both tasks.  

The contracts also induce systematic differences in performance (i.e., customer 

count, revenue, etc.) across different outlets. The agent at a high baseline demand 

location (on a flat wage) generates the highest output on the contracted measure (i.e., 

customer counts) and the highest revenues, despite being offered the “weakest” 

incentives for performance. These results arise as a consequence of endogenous matching 

between task characteristics and the baseline demand of the outlet. 

In order to validate our model, we use a unique set of customer data from three 

types of outlets (company owned, dealer, and independent retailer outlets) of a seller of 

cell phone calling plans in an overseas market. Using a discrete choice demand model to 

                                                 
2  The commissions are tied to the output measure available for the first task. 
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infer the baseline demand of each outlet, we find that outlet contract forms align with 

baseline demand as predicted. Our performance output predictions are also supported. On 

average, a company owned outlet signs up more customers per period while an 

independent outlet signs up the fewest customers per period, despite the latter being paid 

explicitly for each customer signed up. Next, we use observed customer-specific billing 

over time to estimate a lifetime revenue estimate per customer signed up, and compare 

these estimates across outlet types. On average, a customer signed up at a company 

owned store (with a flat wage agent) yields higher lifetime revenue than a customer 

signed up at an independent outlet (with a commissioned agent). 

 The remainder of the paper is organized as follows. The rest of this section 

discusses the relevant literature on multi-task agency. The next section presents our 

model, while Section 3 presents the analysis and key refutable predictions. Section 4 

presents the empirical tests, and Section 5 concludes the paper with a discussion of 

limitations and possible extensions of our work. 

1.1 Multi-task Incentives and Channels 

In their commentary about Erin Anderson’s (1984) pioneering work on 

manufacturers’ reps versus company salespeople, Holmstrom and Milgrom (1991) 

observed that “ … the perceived difficulty of measuring sales of individual salespeople 

(due to team selling or costly record keeping) was the best empirical predictor of the use 

of an in-house sales force” (p. 37). Their multi-task agency model rationalizes this 

empirically documented importance of the availability of output measures in contract 

design. They consider a principal (the firm) engaging an agent (the employee) to perform 
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multiple tasks (in what follows, we stick to two tasks for simplicity). They show that if 

the output from one task is non-measurable, and hence non-contractible, then both tasks 

must be compensated on a flat wage plan even though the other task is measurable. This 

is because high-powered rewards (pure commissions) will redirect the agent to allocate 

effort away from the task that is less well captured by the available output measures. Bai 

and Tao [BT] (2000) build on this by considering a setting where one of the tasks the 

principal desires has the characteristics of a public good, i.e., the output of an individual 

employee is affected by the total quantum of effort on this task exerted by all employees 

combined, but not by the effort exerted by that particular individual. This ‘goodwill’ task 

is not measurable. The other task (say, the sales task) generates measurable output. BT 

show that if all employees are paid a combination of flat wages and commissions, the 

goodwill task would be neglected. The optimal solution is one of contract mixing, 

whereby some employees do only the goodwill task (for flat wages) while others only the 

sales task (for incentive pay). 

In marketing, the multi-task agency approach has yielded insights into sales force 

compensation. Lal and Srinivasan’s (1993) work considers a multi-product salesperson. 

Under certain conditions, such as a linear sales response function and equal effectiveness 

in selling the different products, equal commission rates across products are shown to be 

optimal. For the case where sales efforts are complementary across products, Bharadwaj 

(1998) shows that commission rates on the second product will always be lower than 

commission rates on the first product.  Joseph and Thevarajan (1998) consider a 

salesperson engaged in two tasks, but where one task can be monitored directly. Here, a 
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firm that elects to monitor and pay directly for this effort offers a lower powered 

incentive contract compared to a firm that eschews monitoring.  

The problem of short and long run effects of multiple tasks is taken up in Hauser 

et al. (1994). In their setting, the salesperson’s efforts has a short term, “ephemeral” 

component which yields observed sales and a longer term, “enduring” component which 

yields future sales through its impact on customer satisfaction. Thus, current period sales 

are the observed output of ephemeral effort, while customer satisfaction survey data are 

the observed output of enduring effort. They show that optimal contracts combine the two 

output measures in direct proportion to their precision. 

Overall, these studies point to the wide-ranging applicability of the HM insight 

that the inter-relationships between the cost and demand aspects of multiple efforts shape 

incentive contracts. Surprisingly, there is remarkably little empirical work on these 

predictions. At the micro-level, Slade (1996) specializes HM to examine contracts 

between petroleum firms and gasoline stations. These station operators attend to two 

tasks which are inter-related in costs and demand. She finds that the firms provide 

stronger contract incentives for the measured task (of selling gasoline) when the agent’s 

unmeasured task (e.g., vehicle repairs) is not very complementary to the first task. At the 

macro level, Lafontaine and Shaw (2005) show that franchisor firms with relatively 

stronger brands employ a greater proportion of flat wage outlets compared to their 

weaker brand competitors.  

 Contributions. There are several gaps in our extant understanding of channel 

contract alignment with task portfolios. Our paper builds on the extant literature in the 
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following ways. First, we extend HM to the case where the contract can be conditioned 

on an observed parameter like outlet baseline demand. As such, the optimal contract can 

be a flat wage contract, a mixed contract, or a pure commission contract depending on the 

relative size of the baseline demand. Second, we offer the first empirical evidence about 

the performance implications of multi-task contracting, by using fine-grained data on cell 

phone calling plans sold through multiple outlet types. 

 

2.  MODEL 

We consider a profit-maximizing firm that seeks to engage an agent to work at a 

particular location to sell its products. The agent’s efforts are not directly observable; 

hence the firm must motivate the agent through contracts written on observable outputs. 

Each location is characterized by a certain baseline demand, which is common 

knowledge to the firm and the agent3.  There are two tasks that combine to generate 

revenues to the firm. 

Measurable Task:  The number of customers, y, signed up at an outlet each time 

period arises from two sources. First, the baseline demand, b, at the outlet leads to a 

certain number of customers signing up independent of the agent’s efforts.  An additional 

number of customers is signed up because of the agent’s efforts, denoted as s. 

We can therefore write the number of customers signed up at this outlet as: y = b 

+ s + ε 4, where ε denotes a composite of factors that could affect the mapping from 

                                                 
3 One can think of baseline demand as the ‘endowment’ or attractiveness of the location. 
4 There are two points to be noted here. First, the linear function does not involve loss of generality because 
the aspect of diminishing returns to effort is modeled through the convexity of the cost function. See Lal 
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effort to observed output, and which is assumed to be distributed as N(0,σ2).  Note that a 

smaller variance implies a more precise mapping of unobserved effort, s, to customers 

signed up, y, and vice versa. 

Non-measurable Task: Denote the agent’s efforts on the second task as g. This 

effort is not directly related to customers signed up, but has positive benefits over time to 

the firm, conditional on the customer signed up. For instance, the agent’s efforts to 

understand a customer’s needs and to educate him/her about the products’ upcoming 

feature upgrades are all likely to increase the customer’s usage of the product over time, 

but this is not observed currently. This is similar in spirit to the Hauser et al. (1994) 

notion of the agent’s effort having no current period (ephemeral) effect, but having a 

follow-on period (enduring) effect. 

Similar to prior multi-task agency models (HM, BT) we assume that g is 

enforceable or contractible up to g*
5; formally, this means the firm can enforce this effort 

level even without explicit incentives. However, measurable output from this task 

remains unavailable6.  

                                                                                                                                                 
and Srinivasan (1993) for a discussion. Second, Lafontaine and Slade (2007) note that such models are 
sensitive to the manner in which the location parameter, b, enters the model. In contrast to our linear 
additive approach which is favored in the literature (Prendergast  1999), an alternative would be to include 
an interaction between b and the error term. Lafontaine and Slade show that this interaction makes vertical 
integration more likely with higher b. Since this parallels our results (viz. flat wages for agents at high b 
locations), we conclude that the linear approach is more conservative in the sense of making it harder for us 
to recover the observed pattern of data. Furthermore, the interaction creates tractability issues, so we keep 
the linear additive form. 
5 Contracting for a non-zero level of effort on a non-measurable task has been modeled in two ways. HM 
assume a particular shape for the cost function, whereby the agent derives positive utility from working up 
to a minimum point, beyond which the cost function is convex. BT assumes that the principal can enforce 
some minimum level of effort on the non-measurable task. Our assumption is similar in spirit to BT, but in 
our Technical Appendix we show that our findings are robust under the HM cost function approach as well.  
6 In the Technical Appendix we derive results for the case where the output is imperfectly measurable, 
rather than non-measurable; in such a case it is optimal to offer incentives on both tasks, with the strength 
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 Agent Utility:  Following earlier work (e.g., Hauser et al., 1994), the agent 

displays constant absolute risk aversion, with her utility for income, x, given as 

rxexu −−=)( where r is the coefficient of risk aversion. 

 Agent Costs: Following earlier work (e.g., Lal et al., 1993; BT), the agent’s efforts 

across the two tasks are substitutable, and her total cost is written as 

2)(*5.0)( gsgsc +=+ . Note that while the quadratic form is convenient, it is not 

crucial; the critical assumption is convexity: c’(x) >0, c”(x)>0. 

 Firm’s Revenues: The firm’s revenue from an outlet is denoted as R(b,s,g), 

which we assume is not contractible.  Regarding its properties, we begin with the 

observation that absent signed-up customers, there are no revenues, so we denote s as the 

more important task, and assume that  R(0,s,0) > 0 for all s > 0 and R(0,0,g) = 0 for all g 

≥ 0. Second, g expands revenue only at positive levels of s, thus Rs(0,0,0) > 0, Rg(0,0,0) = 

0, and Rg(0,s,g) > 0 ∀ s > 0. Third, for consistency, we require that the firm cannot be 

made strictly better of by shifting an agent’s effort from s to g, when starting from 

positive s and zero g7. Fourth, firm revenues are concave in g, ( 0≤ggR ), which together 

with the agent’s convex costs ensures that the firm cannot unboundedly increase revenue 

                                                                                                                                                 
of the incentives determined by the ‘importance’ of the task and the noisiness of the mapping from effort to 
output for that task. 
7  Violating this requirement would imply that in this range, effort on g is more important than s, which is 
inconsistent with our earlier assumption above. 
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at a given level of s by increasing g. Finally, for tractability we assume revenues are 

additively separable, i.e., R(b,s,g) = R(b,0,g) + R(0,s,g)8. 

Contracts: The firm offers the agent a contract that maximizes revenues, R, net of 

compensation, taking into account the agent’s effort choices. Each contract is specified 

by three elements, α, β, and g. Following HM, we restrict our analysis to the form9 w(y) 

= αy + β, where α is the commission paid for each customer signed up, and β is the fixed 

wage. The contract also specifies *g g≤ .  Note that a flat wage contract sets β to zero, 

while a commission-only contract sets α to zero. Additionally, g may be set at zero, 

which is equivalent to firm not specifying a level of g in its contract for the agent.  

Sequence of Moves:  Both the firm and the agent know b. Conditioned on b, the 

firm offers a contract (α, β, g) to the agent. The agent accepts or rejects the contract, and 

selects her effort s, and the contracted level of g. The parties observe customers signed 

up, y, but not the revenues, R(b,s,g). 

3.  ANALYSIS AND RESULTS 

The risk neutral firm maximizes expected profits as follows10: 

βαβα −+−+ )(),(),(,, sbgsRgbRMax g  subject to CE u≥   (1) 

                                                 
8 The baseline demand, b, interacts with g in the firm’s revenue function, creating a motivation for the 
principal to demand more effort on g  at high levels of b. However, it should be noted that b and g are not 
perfectly substitutable.  
9 Holmstrom and Milgrom (1987) demonstrate that with a normally distributed error and constant absolute 
risk aversion for the agent, a linear contract is always optimal.  
10  With some abuse of notation, we drop the triplet notation, and denote R(b,0,g) as R(b,g) and R(0,s,g) as  
R(s,g).  
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where CE is the agent’s certainty equivalent utility and u  is her reservation utility. 

Without loss of generality, we set reservation utility to zero. For our utility function, we 

can rewrite CE as:  

2/)(2/)( 222 gsrsbCE +−−++= ασβα     (2) 

Conditional on the contract offered, the agent selects s to maximize her CE: 

2 2 2( ) / 2 ( ) / 2Max b s r s g
s

α β σ α+ + − − +  subject to 0≥CE   (3) 

 Observe that the fixed wage, β, does not enter the agent’s first order conditions, and 

hence does not affect effort s. As such, the firm can adjust the fixed wage to drive CE 

down to the agent’s reservation wage, implying that constrain on CE will bind in 

equilibrium. We solve the problem backward, beginning with the agent’s maximization 

problem. Consider the zero baseline demand case (b=0).  

 Proposition 1: At b=0, the contract includes a positive commission 

(α > 0), possibly a fixed wage (β ≥ 0), but the firm eschews any contracted g (g = 0).  

Proof: See Technical Appendix.  

 Intuition: At a zero b location the firm gets no revenues absent some effort s. 

Hence, there is a strong reason to offer an incentive (α > 0) to induce the agent to provide 

positive levels of s. However, even with this incentive, customer sign-ups, y, are low, so 

there is limited incremental revenue gains from contracting for more g. On the other 

hand, the cost of contracting for higher g is substantial, because of effort substitutability-- 

asking the agent for a higher g implies that a higher incentive is required to induce effort 

on s. As such, the firm eschews any contracted level of g.  
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Industrial products sold by a manufacturer’s rep fit this situation as reps acquire 

customer almost solely through their own efforts. Media campaigns are less significant in 

industrial settings. However, these reps are sometimes also tasked by their firms with 

undertaking service activities that do not immediately produce commissioned sales. Not 

surprisingly, these firms often complain that their reps neglect these service activities. 

This task separation result illustrates the importance of considering task allocation and 

compensation design together. 

Indeed, our analysis suggests that a firm should not attempt to use a rep force to 

provide non-measurable outputs, like service. When such service tasks are desired by the 

firm, a better approach is to split the task portfolio, and to engage another channel that 

specializes in the second task (service) using flat-wage contracts. Often, it makes sense 

for this second channel to be a vertically integrated channel as well.  

  Proposition 2: At b > 0, there are three contracts, depending on the relative 

level of baseline demand11.  

Low b:  The contract includes a positive commission rate (α > 0), a flat wage β (possibly 

zero), and the firm eschews contracting on g (g = 0). Intuitively, at b = 0, the firm’s 

revenues decrease in g, so g is set at zero to reflect the primacy of s. For positive b, 

however, the firm balances two effects – the first favors s effort the second favors g 

effort. At low levels of b, the first effect dominates, so the firm offers a contract that 

eschews g.  

                                                 
11 The actual cutoff levels of b for each type of contract are derived in the Technical Appendix. 
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Moderate b:  The contract includes a positive commission rate (α > 0), a flat wage (β > 

0), and the firm contracts on g (g > 0, g ≤ g*). Intuitively, at moderate b levels, the two 

effects described above balance each other, so the firm offers a contract that induces the 

agent to put effort on both tasks. 

High b: The contract includes zero commission rate (α = 0), a flat wage, (β > 0) and the 

firm contracts on g (g > 0, g ≤ g*). Intuitively, at large b levels, the second effect 

dominates, so the firm offers a low powered contract that eschews incentive for s. 

 Proof:  See Technical Appendix.  

 Observe that Proposition 2 implies specialized channels at either end of the 

baseline demand continuum. At the bottom end we get outlets with independent agents 

compensated solely on commissions and focusing their efforts on s, while at the top end 

we get company owned outlets paid flat wages to engage solely on g. Only for 

intermediate baseline demand locations does the firm induce the agent to perform both 

tasks. Furthermore, notice that a firm will match up relatively better locations with 

company owned outlets, which matches the pattern reported by Lafontaine (1992). 

3.1 Performance Consequences of Matching Contract to Outlets  

If firms match up contract form and outlet characteristic as suggested above, can we 

predict which outlet type will i) sign up the most customers, and ii) generate the most 

revenues?  These are important ramifications of the matching process, and we turn to 

them below. 

 Denote bl , bm, and bh  as low, moderate and high baseline demand outlets 

respectively; αl, αm, and αh denote the commission rates, and gl, gm, and gh  denote the 
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corresponding levels of contracted g. It can be shown that contracts are ordered as 

follows (see Table 1.1): αl, αm > αh (= 0),  gh  >  gm  >  gl (= 0)12.  In what follows, we 

assume that expected revenue is linear in expected numbers of customers signed up13: 

),(),(),()),(( gsRgbRgsbRgyER +=+=      (4) 

Proposition 3: Outlets with the highest baseline demand will have the highest 

expected number of customers signed up, followed by moderate baseline demand outlets, 

followed by low baseline demand outlets, i.e., )()()( lmh yEyEyE ≥≥ .  

Proof: See Technical Appendix. 

Observe that it is the outlet type operating under the weakest incentive contract 

that is predicted to sign up the highest number of customers. This appears contrary to the 

intuition that higher incentives yield more output. Observe, however, that the contract 

form is driven by the baseline demand of the outlet location; at attractive locations, a 

large number of customers can be acquired at low effort, s.   

Proposition 4: Outlets with the highest baseline demand will yield the highest 

revenue, followed by moderate baseline demand outlets, followed by low baseline 

demand outlets; i.e.,  R(E(y), g)h > R(E(y), g)m > R(E(y), g)l . 

Proof: See Technical Appendix. 

                                                 
12Proofs are available in the technical appendix. Note that it is possible that the highest possible value of g 
(i.e., g*) is reached within the type m range. However in this case, it is not possible for the firm to extract 

any higher level of g, and we will never reach a point where α(g*)=g*. Hence if the maximum possible 
value of g* is optimally sought for medium baseline demand outlets, it will not be desirable to have any 
lower powered contracts. Thus, type m and type h units will coexist only if gh > gm.  
13 Similar assumptions are made in multi-task agency models. For instance, in BT, the firm’s benefit 
function is linear in effort on the measurable task and concave in effort on the non-measurable task. Slade 
(1996) uses a linear output-effort relationship in her model, where the output is the benefit sought by the 
firm. 
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This accords with data assembled by Lafontaine (1992), who reports that 

company owned outlets are typically located closer to city centers, and report higher sales 

than their franchised counterparts who operate under higher powered incentives. Table 2 

summarizes our predictions for expected number of customers and expected revenues, by 

baseline demand. 

 

4.  EMPIRICAL TESTING 

We conduct an exploratory empirical exercise with a view to validating some of the 

propositions flowing from our analytical model. Our empirical setting is post-paid cell 

phone call plans sold by a provider under its own brand name in an overseas market. This 

firm retails its call plans through an intensive distribution channel with three types of 

outlets. These are post-paid plans which require a customer to sign up; this fits our 

model, in that sign-ups are observed immediately, and commissions can be tied to them, 

while the revenue realized per signed-up customer is not known at the time of sign-up. 

Several features of this setting make it particularly useful for testing our predictions. 

First, handsets and service plans are sold in an unbundled fashion, so issues related to the 

joint pricing and cross-subsidies of handsets and plans do not create empirical problems. 

Second, there is no cancellation penalty, so front-loaded subsidies are not used to lock in 

customers contractually. Third, all outlets carry the same set of call plans, and retail 

prices are determined by the firm.  

Company Shop: This is a company owned outlet. Agents are trained to match 

customers to appropriate plans, and to educate and demonstrate all the features and value 
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added services of the plans. They are also expected to handle all service inquiries, 

including handset issues, billing problems, plan upgrades, etc. Agents do not make 

outbound sales calls (in fact, employees are explicitly told not to telephone customers to 

solicit business). These outlets are located in upscale, high traffic areas. Agents are 

compensated with a fixed wage. 

Dealer: This is an independently owned outlet that sells calling plans of this firm 

exclusively, i.e., it does not sell competing brands. Agents are trained to some degree, in 

that they can demonstrate basic and intermediate features of plans. They are expected to 

handle basic service queries, but not complex issues. The agent makes outbound calls to 

acquire customers. These outlets are located in moderate traffic locations compared to 

company outlets. Agents are paid a combination of a fixed wage and a commission for 

each customer signed up. 

Independent Retailer: This is an independently owned and operated outlet that 

sells call plans from multiple firms. Agents are minimally trained by the firm and are not 

expected to handle service queries; they do make outbound calls to acquire customers. 

The traffic at these outlets is markedly smaller than either the previous two outlet types. 

Agents are paid a commission for each acquired customer. 

Table 1.3 summarizes the relevant institutional features of these outlet types and 

maps them into the outlet types in our model (types h, m, l).  
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4.1 Data and Measures 

We have data on customers acquired by 17 outlets spread across the three channel types 

described above. At the outlet level, we know how many customers each outlet acquired, 

as well as the month of acquisition. Our sample consists of 843 customers, who can be 

thought of as belonging to four cohorts, with a cohort being defined as the month in 

which the customer was acquired. The cohorts are May, June, July, and August 2004. For 

each acquired customer, we observe i) the price plan chosen, ii) the security deposit paid, 

and iii) billing through November 2005. Each price plan consists of a monthly fee and per 

minute usage rates - the customer chooses one of five available price plans. The security 

deposit is a customer specific number that reflects the firm’s assessment of the 

customer’s risk profile. 

4.2 Empirical Specification 

Predictions Related to Baseline Demand   

According to Proposition 2, the observed contracts are predicted to match up with the 

baseline demand of the outlet as follows: company shops at the highest baseline demand 

locations, followed by dealers and independent retailers, in that order. Unfortunately, a 

direct test of this proposition is precluded by the fact that we do not observe an outlet’s 

baseline demand.14 To overcome this, we specify a discrete choice customer demand 

model and infer the baseline demand from the outlet-specific constant.  

Denote the utility, Uijk, of customer i from signing up for plan k at unit j as: 

                                                 
14 Note that both the firm and the outlet know the baseline demand. This is similar to a brand preference 
parameter, and indeed, we recover the baseline demand in a manner similar to that for recovering 
unobserved brand preferences.  
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Uijk = γj + δk + η* SecurityDepositi*CallingPlank+ εijk        (5) 

where  

γj  is the baseline demand of the jth outlet (equivalently, the mean customer preference for 

that outlet) to be estimated, 

δk is a preference for the kth calling plan to be estimated, 

SecurityDepositi is the security deposit paid by the ith customer15, 

CallingPlank is a dummy variable corresponding to the kth plan, 

η is a coefficient to be estimated. 

Under the usual assumption that the error term follows a type 2 extreme value 

distribution, we get a logit specification of the discrete choice model as follows: 

∑== ββ ijkijk XX

ijk eeYP /)1( where 1=ijkY if the ith customer selects the jth unit and the kth 

plan, 0 otherwise. The logit results are reported in Table 1.416.   

To test Proposition 2, note that the γ coefficients above constitute the baseline 

demand at each outlet. The computed averages of these baseline demand estimates for 

each type of outlet are shown in Table 1.5. We expect the following pattern for these 

averages: ( ) ( ) ( )j c j d j rγ γ γ> >  where the subscripts c, d, and r, refer to company shops, 

                                                 
15 The specification features an interaction between SecurityDeposit and PricePlan because the former is a 
characteristic of the chooser (and hence invariant across choices) while the latter is a characteristic of the 
choice.  
16 For robustness, we also estimated three alternative demand models. i) We aggregate acquired customers 
per month at the outlet-plan level and estimated a specification using the unbiased linear estimator 
developed by Berry (1994). ii) We consider a model with unobserved customer heterogeneity with regard 
to the preferences for calling plans, by specifying random coefficients on the calling plan dummies. iii) We 
estimate a specification with outlet random effects instead of outlet fixed effects, and use posterior 
estimates of these effects to test our hypotheses. We find that our results are robust to these alternative 
specifications and our model predictions are supported in each case. 
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dealers, and retailers respectively, and ( )j eγ  is the average coefficient for units of type e. 

We find that the average estimate for company outlets is significantly larger than the 

corresponding estimate for dealers outlets (i.e., ( ) ( )j c j dγ γ− = 0.997, p< 0.05). Likewise, 

the average estimate for dealer outlets is significantly larger than the corresponding 

estimate for independent retailer outlets (i.e., ( ) ( )j d j rγ γ− = 1.92, p<0 .05). In the 

language of channel forms, the firm uses company ownership (vertical integration) at the 

high baseline demand outlets, exclusive dealers (partial integration) at the moderate 

baseline demand outlets, and independent retailers (market) at the low baseline demand 

outlets.  

4.2.2 Predictions Related to Customers Signed Up 

According to Proposition 3, the numbers of customers signed up per month is expected to 

follows this pattern: ( ) ( ) ( )c d rE y E y E y≥ ≥ , where yc,  yd, and yr refer to customers at at 

company, dealer, and retailer outlets respectively. Since y is directly observed in our data 

(see Table 1.6), a simple non-parametric t-test of differences between means suffices. We 

find our predictions supported (p <0.01).  

4.2.3 Predictions Related to Revenues 

According to Proposition 4, outlets with the highest baseline demand generate the highest 

aggregate revenue, followed by moderate baseline demand outlets and low baseline 

demand outlets. Denote the aggregate expected customer lifetime value for all customers 

acquired by the jth outlet as ECLVj, and the average aggregate customer lifetime value 
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across outlets of type e as (ECLVj)e. Then, Proposition 4 says that (ECLVj)c) ≥ (ECLVj)d  > 

(ECLVj)r.   

Since we do not observe ECLV in our data, we construct an econometric estimate 

as follows. Recall that we observe the monthly bill for each customer signed up until 

November of the following year. The ECLV of a customer is defined as the product of the 

average monthly billing and the expected number of months the customer stays with the 

firm (also known as his ‘tenure’). The tenure of the customer poses a slight complication, 

in that our data ends after a maximum of 18 months of observations, post acquisition, but 

the customer might still be ‘alive’ at that time17. We use a hazard specification to estimate 

tenure, with a Weibull distribution for the hazard rate, incorporating price plan choice 

and security deposit as individual specific, time invariant covariates in our hazard 

specification18.  We use these tenure estimates to compute the ECLV per customer. These 

per customer numbers are then aggregated to yield an outlet-level average ECLV. A test 

of mean differences in these outlet-level ECLVs per customer shows support for the 

pattern predicted in Proposition 4 (Table 1.7) , with the company owned outlets yielding 

the highest outlet-level average ECLV followed by the dealer and retailer outlets, in that 

order. However, this simple test may be threatened by two alternative explanations which 

are considered in the analyses below. 

                                                 
17 Actually, we do not observe precisely when a customer leaves. We define a departure as having occurred 
when the user has not used the service for a minimum of three months consecutively. We also re-ran our 
analysis using non-usage for two months and find that our results are qualitatively similar.  
18 The advantage of using a Weibull distribution to represent duration dynamics in a parametric hazard 
model is that it can admit increasing, decreasing or constant hazard rates. The Weibull distribution has been 
used extensively in prior literature to model customer survival (e.g., Schmittlein and Helsen 1993). 
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Quality versus Quantity of Customers: The outlet-level ECLV computed above is 

the sum of the customer-level ECLVs at an outlet. Plainly, the outlet-level ECLV cannot 

distinguish between an outlet that signs up a large number of customers with low average 

ECLV from another outlet that signs up fewer numbers of customers with a higher 

average ECLV. We control for this problem by comparing customer-level average ECLV 

across outlet types. Table 1.8 reports these numbers. A t-test of the differences in these 

estimates supports our prediction, i.e., company outlets have the highest average 

customer-level ECLV followed by exclusive dealers and independent retailers in that 

order. This suggests that it is not the case that one type of outlet is focusing purely on 

numbers while another is focusing purely on ‘quality’; in fact, the company owned outlet 

does well on both dimensions. 

 Selection: Clearly, there are differences in the mix of customers who sign up at 

each outlet. Might this not account for the ECLV differences tested above? First, if 

‘better’ customers choose plans that yield more revenue (essentially higher volume 

plans), then the ECLV differences above might be proxying customer level usage 

differences in plan choice. Second, there might be differences in the risk profile of 

customers who sign up at each outlet. To address these concerns, we perform the 

following regression of our computed customer-level ECLV estimate, controlling for both 

plan and risk profile: 

4

1
2

*( ) *( )jkt j k jkt d t
d

ECLV SecurityDeposit Timeγ δ ηη
=

= + + + ∑   (6) 

where: 



34 
 

ECLVjkt  is the estimated average lifetime value of customers acquired by outlet j for plan 

k in month t. 

γj  is the fixed effect of outlet  j 

δk is the fixed effect of plan k. 

SecurityDepositjkt is the average security deposit paid. 

Timet is a time dummy for the month in which the customer signed up 

η’s are coefficients that capture the impact of the relevant covariate. 

Empirical verification of Proposition 4 rests on testing the following pattern in 

outlet specific constants: ( ) ( ) ( )j c j d j rγ γ γ> > , where ( )j eγ refers to the mean of the 

outlet fixed effect for type e. The regression estimates are reported in Table 1.9 and the γ 

coefficient comparisons are reported in Table 1.10. In line with Proposition 4, we find 

that after controlling for plan, risk and time effects, the ECLV of a customer who signed 

up at a company outlet is greater than the corresponding estimate at the dealer outlet (i.e., 

( ) ( )j c j dγ γ−  = 91.45, p < .01). Likewise, ECLV is greater in the dealer outlet compared 

to the independent retailer outlet (i.e., ( ) ( )j d j rγ γ−  = 66.12, p < .01). 

 Intuitively, the additional effort on g by agents at company and dealer outlets 

yield higher quality customers, which then leads to a higher ECLV. Observe the 

somewhat counterintuitive nature of this result, in that agents at vertically integrated 

outlets who are paid fixed wages generate larger expected revenues for the firm than 

independent agents who are given an explicit incentive for signing up customers. Our 

results match the stylized fact reported in Lafontaine (1992), who finds that the average 
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sales per outlet were higher for company owned outlets compared to franchisees. 

Crucially, we are able to show that this arises from a matching of contracts to outlet 

baseline demand. 

 

    5. CONCLUSIONS 

 This paper examines the broad problem of aligning channel task portfolios with 

incentive payment systems. Specifically, we study incentive contract forms employed by 

a firm that wishes to perform two tasks through a downstream channel agent, with one of 

the tasks necessary and measurable, and the other discretionary and non-measurable. We 

build an analytical model to formulate testable predictions relating contracts to outlet 

baseline demand and performance in a setting where the measurable task is captured via 

observations of customers signing up, while the non-measurable task improves expected 

revenues but lacks an available output measure. Our model explains stylized facts 

regarding observed outlet types and rationalizes some counterintuitive observations. For 

instance, vertically integrated outlets (lowest powered contracts) yield the highest output, 

both in terms of customers signed up as well as total revenues. Customer level billing 

data on cell phone calling plans sold through three outlet types validate our model’s 

predictions. 

We contribute to the agency literature through our joint consideration of task 

characteristics and location differences, which have been previously remarked upon, but 

not examined as drivers of real world channel structures. A unique feature of our 

empirical work is that we are able to test and support our model at an individual outlet 



36 
 

and channel level, in contrast to prior studies that have examined only aggregate results. 

For managers, this disaggregation is important because it underscores the importance of 

conditioning their allocation of channel task mix and contract form on the attractiveness 

of outlet locations. We explain the co-existence of alternative channel forms for the same 

product across geographies, and provide guidance as to the matching of channel form to 

outlet location. Simply put, company outlets belong at locations with high baseline 

demand (i.e., demand independent of agent effort), while commission-only agents belong 

at locations with poor baseline demand. 

 We close with some of the limitations of this study, which may also provide 

avenues for further research. First, given our single firm focus, we cannot consider the 

brand strength of the firm, and the manner in which that may influence baseline demand. 

Second, important dynamic issues remain unexplored, and could be used to enrich the 

model, e.g., it is plausible to consider that the baseline demand at the beginning of the 

next period may change as a consequence of effort on the non-measurable task in the 

previous period. Third, we do not allow for competitive effects. Fourth, we conducted an 

exploratory empirical exercise with a view to testing our model’s predictions. A richer 

albeit more data-intensive empirical strategy, perhaps in the form of a structural model, 

would allow us to quantify the magnitude of various effects more rigorously. 
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TABLE 1.1: Contract Types 

Contract type Commission rate for 

customers signed up, α 

Effort contracted on non-
measurable task 

Type h αl>0 gl=0 

Type m αm>0 gm>0 

Type l αh=0 gh>0 

 

TABLE 1.2: Predictions of Model 

Variable Prediction 

Expected Number of 
Customers Signed Up 

)()()( lmh yEyEyE ≥≥  

Expected Revenue per  
Customer Signed Up 

(R(E(y), g)/y=1)h  > (R(E(y), g)/y=1)m > (R(E(y), g)/y=1)l 

 

Expected Revenues R(E(y), g)h > R(E(y), g)m > R(E(y), g)l 
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TABLE 1.3: Mapping Contract Types to Outlet Types 

Type of Outlet Task(s) in 
Contract 

Available 
Measure 

Observed 
Commission per 
customer signed 

up 

Type of unit 

Company owned 
outlet 

Perform full 
array of service 

tasks 

Number of 
customers 
signed up 

Zero H 

Exclusive Dealer 
Outlet 

Sign up 
customers; 

perform basic 
service tasks; 

Number of 
customers 
signed up 

Positive M 

Independent 
Retailer Outlet 

Sign up 
customers; 

Number of 
customers 
signed up 

Positive L 
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TABLE 1.4: Conditional logit model 

Dependent variable: Choice of outlet-plan at individual customer level 

Coefficient Estimate 
(Standard Error) 

Company shop 1 3.73***(0.41) 

Company shop 2 3.01***(.42) 

Dealer 1 3.33***(.41) 

Dealer 2 0.51(.52) 

Dealer 3 3.27***(.41) 

Retailer 1 -0.69(.71) 

Retailer 2 -0.29(.54) 

Retailer 3 1.25**(.46) 

Retailer 4 .16(.56) 

Retailer 5 .85*(.49) 

Retailer 6 .41(.52) 

Retailer 7 -0.40(.64) 

Retailer 8 1.61(.45) 

Retailer 9 -0.18(.60) 

Retailer 10 1.47***(.45) 

Retailer 11 -0.69***(.11) 

PricePlan 1 -0.43***(.12) 

PricePlan 2 -0.34***(.11) 

PricePlan 3 -0.27** (.11) 

PricePlan 4 -0.01 (.11) 

SecurityDeposit* 
PricePlan1 

0.0001(.0002) 

SecurityDeposit* 
PricePlan2 

0.0002(.0002) 

SecurityDeposit* 
PricePlan3 

0.0003(.0002) 

SecurityDeposit* 
PricePlan4 

-0.0004(.0003) 

Log likelihood -3010.4118 

Observations 843 

Constant -7.473***(.53) 

χ2 1469.49 

Prob> χ2 .0000 

 

Note: 12th retailer unit and 5th price plan set as base . *** p<0.01; ** p<0.05; * p<0.1 
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TABLE 1.5: Estimated Baseline Demand Across Outlet Types 

Statistic Estimate 
(Standard Error) 

djcj )()( γγ −  2.92*** 
(.132) 

rjcj )()( γγ −  1.92*** 
(.164) 

rjdj )()( γγ −  .997*** 
(.125) 

 

Note: *** p<0.01 

 

TABLE 1.6: Customers Signed up Per Outlet 

Outlet Type Average Customers per 

outlet per month (Std. Dev.) 

Company owned 46.4(20.3) 

Dealer 28(20.9) 

Independent Retailer 2.8(3.1) 
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TABLE 1.7: Average Total Revenue Per Month At Outlet Level ($) 

Outlet Type Avg. Total revenue per outlet per month 
(Std. Dev.) 

Company owned 19386.04(7811.84) 

Dealer 10638.11(8390.17) 

Independent Retailer 707.67(784.91) 

 

TABLE 1.8: Average Expected Customer Lifetime Value by Outlet Type ($) 

 

Outlet Type Average  ECLV (Std. Dev) 

Company Owned 377.27(112.41) 

Dealer 250.48(69.41) 

Independent Retailer 171.4(67.21) 
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TABLE 1.9: Regression of Expected Customer Lifetime Value 

Dependent Variable: ECLV per customer 

Coefficient Estimate (Std. Error) 

Company shop 1 275.63***(64.06) 

Company shop 2 241.07***(64.30) 

Dealer 1 172.42*** (63.73) 

Dealer 2 118.64(76.76) 

Dealer 3 163.5**(63.53) 

Retailer 1 15.63(130.59) 

Retailer 2 90.84(90.22) 

Retailer 3 67.66(67.84) 

Retailer 4 51.56 (72.67) 

Retailer 5 120.66*(71.61) 

Retailer 6 167.39**(77.96) 

Retailer 7 113.9*(67.33) 

Retailer 8 82.62(81.03) 

Retailer 9 50.65 (69.88) 

Retailer 10 140.97(101.08) 

Retailer 11 122.98(89.22) 

Price Plan 1 -96.03***(33.4) 

Price Plan 2 -14.26(28.26) 

Price Plan 3 108.06***(29.27) 

Price Plan 4 -27.4(32.1) 

Month dummy: May 20.23(29.92) 

Month dummy: June -0.6(28.36) 

Month dummy: July 12.75(28.11) 

Security deposit (unit 
average) 

8.95***(1.74) 

Constant 43.77(66.42) 

Observations 142 

R-squared .49 

 
Note: Retailer unit 12 set as base, August set as base month, Plan 5 set as base plan. 

*** p<0.01; ** p<0.05; * p<0.1 
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TABLE 1.10: Expected Customer Lifetime Value Across Outlet Types  

Statistic Value 
(Standard Error) 

djcj )()( γγ −  157.57***(27.51) 

rjcj )()( γγ −  66.12**(28.41) 

rjdj )()( γγ −  91.45***(29.14) 

 

Note: *** p<0.01; ** p<0.05 
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Essay 2 

An Empirical Analysis of Heterogeneous Marketing Channels and Multi-Tasking 

Agents  

1. INTRODUCTION 

Channels of distribution commonly feature heterogeneous incentive contracting 

agreements between firms, and the ramifications of these agreements have long been of 

interest to managers, public policy makers and scholars. In recent years, moral hazard 

models have been employed to great effectiveness in understanding these contracts (see 

Lafontaine and Slade (2007) for a comprehensive review). Working out of a principal-

agent framework, these models begin with the assumption that an agent’s efforts are not 

verifiable (and thus not contractible)19 directly. The challenge, then, is to devise a 

contract that aligns the interests of the contracting parties utilizing only verifiable 

outputs.  

The basic result from moral hazard models is that an appropriate20 incentive 

contract depends on risk preferences, the link between effort and verifiable output, and 

the agent’s ability (e.g., Basu et al. 1985; Holmstrom 1979; Mantrala et al. 1994; see 

Bergen et al. 1992 for a review).  At its heart lies the trade-off between “stronger” 

incentives to motivate non-verifiable agent effort, and the agent’s preference for income 

                                                 
19 Non-verifiable outputs are those that may be visible to the contracting parties, but not to a third-party or 
court of law, and can thus not be used in a contract. 
20 Generally, these contracts maximize the principal’s income, net of agent compensation. 
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that is less variable. A prominent conclusion from this work is that more imprecise output 

measures21 necessitate “weaker” incentives.22  

1.1 Related Literature 

The basic analytical framework above has been extended along several 

dimensions; of particular relevance to us is the multi-task model pioneered by Holmstrom 

and Milgrom (1991). In this model, the agent performs multiple tasks that are linked 

through some combination of costs, outputs and shocks. While this approach is more 

realistic, it becomes unmanageably complex rather quickly, so clear-cut results depend on 

particularizing the nature of these cross-task links to a specific channels context, as we do 

shortly.  

Empirical work on moral hazard models is relatively less common, and can be 

classified into three distinct streams. The first stream tests refutable predictions from 

moral hazard models (and related theories like transaction cost economics23) by 

regressing observed channel contract forms against task and agent characteristics. The 

early work emphasized single task models (e.g., Anderson 1985; John and Weitz 1988), 

while recent work has focused on multi-tasking predictions, including gasoline retailing 

(Slade 1996) and the trucking industry (Baker and Hubbard 2003). Although these 

studies allow for robust tests of comparative statics, a significant limitation of these 

reduced-form regressions is their inability to speak to policy choices. For instance, 

                                                 
21 An imprecise output measure is one that is only weakly linked to effort, 
22 A “weaker” incentive is one that is less strongly tied to output. A flat wage is the weakest incentive one 
can devise.  
23 Transaction cost economics views channel structures more expansively, with a cluster of attributes 
replacing the singular focus on incentives in moral hazard modeling.  
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managers are keen to know what would occur to revenues and/or margins were they to 

change channel incentives, but reduced forms cannot yield any insights on account of the 

lack of “policy-invariant” estimates24. Salanie (2003, 2005) identifies another limitation, 

i.e., the endogenous matching between agents and contracts. Not accounting for this 

matching leads to potentially erroneous inferences about agents’ effort responsive to 

incentives, or equivalently the impact of incentives on performance. 

A second, smaller stream employs laboratory experiments (Ho and Zhang 2008; 

Lim and Ho 2007; Lim et al. 2009) to study principal-agent interactions in channels 

settings. While laboratory studies avoid the policy invariance and endogenous matching 

problems, multi-tasking models of moral hazard have yet to be implemented in the 

laboratory. Operationalizing the costly effort of risk-averse agents along multiple task 

dimensions in a laboratory setting in a realistic fashion is the principal obstacle faced by 

this methodology. 

A nascent, third stream uses structural estimation of moral hazard models to 

obtain results that are robust to endogenous matching problems and which also admit 

policy evaluations. In a pioneering effort, Paarsch and Shearer (2000) evaluated timber 

workers’ responses to incentive contracts. More recently, Jiang and Palmetier (2009) 

evaluated manufacturers’ agents’ responses to incentive contracts, with a view to 

comparing the efficacy of different contract forms. Misra and Nair (2009) and Chung et 

al. (2009) evaluate sales agents’ inter-temporal behavioral responses to quota based 

                                                 
24  Policy invariant estimates can be extrapolated to different circumstances, including hitherto unobserved 
policy regimes, whereas reduced form estimates are only useful as post-hoc descriptions of existing policy 
regimes. 
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incentive contracts with a view to identifying contract forms that might attenuate the 

problem.  However, all these papers implement the single-task model, so the multi-

tasking models remain unaddressed empirically. Our paper builds on these studies, and 

extends structural estimation to a multi-task model. 

1.2 Research Context 

Our research context is that of a firm that sells its branded mobile telephony 

calling plans through three types of outlets – company shops, dealers, and retailers. All 

outlets of each type are offered the identical contract, which varies across the three 

types25. At each outlet, the agent undertakes efforts on behalf of the firm. Each period, a 

number of customers sign up for a calling plan. It is important to note that some 

customers would have signed up even in the absence of any effort by the agent - we refer 

to this as the baseline demand at that location26. Once a customer is signed up, he uses 

the call plan, which then generates revenues for the firm each month until the customer 

terminates the agreement. We frame the firm’s (principal’s) problem as that of seeking to 

induce its agents to perform two sets of tasks. 

Denote the first set of agent tasks as acquisition related; these are directly focused 

on the short-term goal of converting a prospect into a customer. Denote the second set of 

tasks as consultative selling; these are focused on creating a good match between a 

prospect’s needs and a calling plan. In contrast to the acquisition task, which culminates 

in a verifiable event (a sign-up), the consultative task affects sign-ups as well as 

customers’ subsequent usage and tenure with the firm. Intuitively, customers who are 

                                                 
25 We use the terms ‘outlet’ and ‘agent’ synonymously.  
26  The baseline demand is not directly observable, unlike the total number of sign-ups. 
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offered a plan which is suited to their needs, experience greater satisfaction and are likely 

to stay with the firm for a longer duration, yielding higher revenue. 

 Crucially, for incentive contract design, the only verifiable measure available to 

the contracting parties is the number of customers who sign up. Intuitively, notice that 

paying agents to sign up customers would lead them to concentrate their efforts on 

acquisition, perhaps at the expense of consultation. This echoes the oft-stated complaint 

about the short-term focus of independent channel members. Matching incentive contract 

forms with the desired task mix is the central challenge of firms employing multi-tasking 

channel agents.  

1.3 Goals and Contributions 

We tailor the Holmstrom-Milgrom multi-task principal-agent model to our 

institutional context. Our model yields three contract forms, which correspond to the 

three observed contract forms employed by the firm. We then derive an econometric 

specification based on our model’s solutions and use a non-linear estimation procedure 

based on the Generalized Method of Moments approach to estimate the relevant 

parameters 

We overcome several econometric challenges, including: i) baseline demand at an 

outlet is unobserved to the analyst, ii) neither acquisition nor consultative effort is 

observed by the firm or the analyst, and iii) agent efforts on both tasks map to a verifiable 

measure  (sign-ups), but the output of ultimate interest to the firm, i.e., revenue is not 

verifiable at the time of contracting. Basically, we estimate the agent’s unobserved efforts 

on the two tasks, as well as baseline demand at that outlet. We then test the validity of 
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these structural estimates by comparing our expected revenues from each outlet with an 

independent, empirically generated post-hoc estimate. These analyses enable us to answer 

the following questions.  

4. How effective are incentives at inducing desired effort in the presence of multi-

tasking? The impetus for this question comes from formal models (e.g. 

Holmstrom and Milgrom 1991), which suggest the need for “softer” incentives 

under multi-tasking, as well as informal models (e.g. Williamson 1996), which 

emphasize the muting of incentive effects under more vertically controlled 

structures. We answer the question by comparing the magnitude of the estimated 

incentive effect when the agent is asked to perform only the first task 

(acquisition), against the case where he is expected to perform both tasks 

(acquisition and consultation). We find that the incentive effect is around 18.6% 

when only the first task is contracted for, versus a much smaller effect of around 

6% when both tasks are contracted for.  

5. What are the revenue consequences to the firm of switching from its extant 

heterogeneous channel with three outlet types to a homogeneous channel with a 

single outlet type? The impetus for this question comes from managers we 

interviewed at the firm who identified one of their most pressing problems as 

figuring out how many different types of outlets to consider? We offer insight 

using counterfactual calculations from our structural estimates. Our calculations 

show that the firm’s current mix of outlets yields 14% more revenues net of 

compensation than any of the homogeneous channel alternatives.  
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6. How much might the firm gain by further tailoring contracts? The impetus for 

this question comes from conjectures that rationalize the discrepancy between the 

relatively coarse tailoring of contract forms in practice against the fine-grained 

tailoring implied by theory (Bhattacharya and Lafontaine 1995; Holmstrom and 

Milgrom 1987; Lafontaine 1992). These conjectures focus on the transactions 

costs of writing and enforcement as the principal barrier to fine-grained 

contracting. Absent empirical quantification, however, such transaction costs 

arguments are unpersuasive because they can be suitably invoked to rationalize 

almost any observed pattern. To sharpen the argument, we quantify the benefit to 

our firm through a series of counterfactuals that successively expand the 

granularity of the contracts employed. We find that our firm would gain roughly 

6% in revenues net of compensation with outlet-specific contracts – this can be 

interpreted as an upper bound on the level of transaction costs that would make it 

unprofitable for the firm to further tailor its contracts. 

The rest of the paper is organized as follows. In the next section we describe our 

empirical setting and derive our model. Section 3 describes our estimation procedure and 

results, while Section 4 details the counterfactual analysis and results. Section 5 

concludes with managerial implications, limitations, and avenues for further research. 

 

 

 

 



51 
 

2.  INSTITUTIONAL CONTEXT AND MODEL DEVELOPMENT 

Our data are from a cell phone service provider that retails its products through 

three types of outlets27. Each outlet sells five products, each of which consists of a calling 

plan with certain allowed minutes, data, and other features. The firm sets identical retail 

prices across all outlets. The plans are ‘post-paid’ arrangements; thus, the customer is 

billed for each month’s usage. Unlike pre-paid plans, the present value of the revenue 

from a subscriber is not verifiable at the time of sign-up. Unlike North American post-

paid plans, these plans are of indefinite duration, and customers can drop their plan at any 

time without cancellation penalties. Handsets are usable across plan providers through the 

use of ‘SIM’ cards. As such, there are no handset-plan bundles that lock in customers for 

extended periods or subsidies for handsets. 

Recall that at each outlet, some number of customers will sign up for a plan 

independent of any effort by the agent. This was denoted as the baseline demand at that 

outlet. Furthermore, recall that we partitioned the tasks undertaken by the agent at an 

outlet into two composite categories; acquisition and consultative selling. The first 

category refers to those activities that seek to persuade a prospect to sign up for a plan. 

The second category refers to those activities that enable a better match between 

customers and plans. These include listening to a prospect’s needs, educating the prospect 

about the features and benefits of alternative plans, the fit of a plan with their handset, 

etc. Like the first task, the second task influences a customer to sign up, but at a reduced 

level. However, unlike the first task, the second task influences customer usage behavior 

                                                 
27 For confidentiality reasons we are unable to reveal the identity of the firm, which is a leading cell phone 
provider in a large emerging market. 
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as well. Matching a calling plan better with a customer is thought to increase usage 

and/or reduce ‘churn’. In sum, greater efforts at consultative selling increase the (albeit 

unverifiable) present value of revenues from a customer who signs up. 

Table 2.1 summarizes the key features of the three outlet types and contracts used 

by the firm. They differ in baseline demand, compensation form and contracted task mix. 

Consider these differences in detail. The company shop is a vertically integrated outlet 

typically located in upscale, high-traffic locations, where agents are paid a fixed monthly 

wage. Their contracted task is consultative selling; thus, the agent is expected to know 

how to draw out the needs of a prospect, understand the details of each plan and to be 

able to demonstrate complex features such as multimedia messaging and mobile internet 

services. They are explicitly instructed not to make outbound sales calls, but to focus on 

walk-ins.  

A dealer operates an independently owned, single-brand outlet that is generally at 

a location with a smaller baseline demand than a company shop location. The agent is 

compensated with a commission for each customer signed-up, plus a fixed wage. With 

respect to their task mix, these agents are contracted to engage in consultative selling, but 

at a lower level than at the company shops. Thus, for instance, they are expected to 

understand and demonstrate the principal features of each plan, but not all the complex 

details. They are also contracted to engage in acquisition; they are urged to make 

outbound calls to solicit customers, and they receive a commission for each customer 

signed up. 
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 A retailer operates an independently owned multi-brand outlet where customers 

can buy the same calling plans as in the other two outlet types, as well as calling plans of 

competing firms. These outlets are generally found at locations with smaller baseline 

demand than either dealers or company shops. With respect to the task mix, these agents 

are not contracted to engage in consultative selling. Thus, they are not expected to 

understand or demonstrate features of the various plans. Of course, they may educate 

themselves about these features in order to persuade a customer to sign-up, but their 

contractual focus is exclusively acquisition. As such, the firm urges retailers to make 

outbound calls to solicit customers, which is crucial given the small baseline demand. 

The agent is compensated solely with a commission for each customer signed up. 

2.1 Model 

The firm seeks to induce an agent to perform the desired task mix at each outlet. Denote 

the baseline demand at this outlet as b. This is common knowledge to both the firm and 

the outlet at the time of the contract. The firm is risk neutral and the agent is risk averse. 

Denote the agent’s effort on acquisition and consultative selling as s and g respectively. 

Denote the number of customers signing up as y, where we have:28 

ε+++= gkskby 21          (1) 

b is the baseline demand, k1 and k2 are the coefficients of s and g efforts, and ε ~ N(0, σ2) 

represents the stochastic variation in sign-ups. 

                                                 
28 We use the additive linear specification described in Prendergast (1999). An alternative specification is 
the multiplicative form, which interacts the baseline demand parameter with the effort to acquire 
customers. We choose the additive form to capture an important element of our context, viz. even at zero 
baseline demand locations, some acquisitions can be realized through efforts to bring customers into the 
store and sign them up.  
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The firm maximizes its expected profits, which are expected revenues minus 

agent compensation. We specify expected revenues at an outlet as follows: 

)1)((),,( 21 ggkskbgsbR +++=        (2) 

where b, s, g are defined as earlier.  

Our revenue function is inspired by the functional form, q(1 + r), used to model 

effort complementarity (e.g., Bolton and Dewatripont 2005, pp. 327). Note that the g 

effort affects expected revenue in two ways: i) it increases customer sign-ups, and ii) it 

increases expected revenue per acquired customer. By contrast, the s effort affects 

revenue only through customer sign-ups. Before we proceed, it is useful to point out that 

we could conceptualize an explicitly dynamic model where the g effort would have a 

short-term and a long-term effect. This could be further complicated by a feedback loop 

that would have current g effort increasing the efficacy of s effort in future periods. The 

benefit of this would be a more ‘structural’ interpretation for the estimates we derive for 

the g effort. However, all this would complicate the analytics considerably, and more 

importantly, render the estimation task dramatically more difficult (especially given the 

limited time-series we have). We therefore leave this line of inquiry for future research 

and try to capture the dynamics inherent in our model through a simpler static 

formulation. 

The following features of the revenue function are worth mentioning as they 

capture key aspects of our context. First, expected revenues are zero at zero baseline 

demand locations (i.e., b = 0) absent agent effort. Second, for any non-zero level of 

customer sign-up, expected revenues are increasing in the effort on the g task. Third, 
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when baseline demand is non-zero, customer sign-ups imply positive expected revenue 

absent effort on the g task.  

We restrict our attention to linear contracts, as these are the only observed forms 

in our empirical context. Each contract is a triplet (α, β, g), where α is the commission per 

customer signed-up, β is the fixed wage, and g is the contracted-for level of effort on the 

second task. We assume the g task is enforceable up to a level, g*, if the firm chooses to 

pay a fixed wage29.  

The agent’s compensation is: 

βα += yw           (3) 

The agent’s risk-averse utility is: 

U(x) = −e−rx           (4) 

where x is the agent’s net income and r is his coefficient of risk aversion. 

The agent can allocate his efforts across the two tasks and the efforts are 

substitutable in the sense that the agent cares only about total effort. As such, the cost of 

effort is: 

c(s + g) = 0.5(s + g)2         (5) 

Our sequence of moves begins with the firm observing baseline demand, b, and 

offering a contract (α, β, g) to the agent at that location. The agent decides to accept or 

reject the contract; if he accepts, he proceeds to select s, and to deliver g if the contract 

                                                 
29 Some variant of this assumption is standard in the multi-task literature, and is justified by appealing to 
the governance properties of vertical integration. Thus, Holmstrom and Milgrom (1991) assume that a 
minimum level of total effort can be costlessly extracted, or that both tasks yield output signals, albeit with 
different precision levels. Similar to us, Bai and Tao (2000) assume that some level of effort on the second 
task can be extracted by paying a fixed wage. 
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calls for effort on the g task. If he rejects, he gets his reservation utility. Customer sign-

ups are observed, and the agent is paid. Formally, the firm solves: 

Maxα,β,g
(b + k1s + k2g)(1+ g) − α(b + k1s + k2g) − β     (6) 

subject to 

0/ =∂∂ sCE      (Incentive compatibility) 

UCE ≥      (Individual rationality) 

g ≤ g*; s, g ≥ 0  

where CE, the certainty equivalent of the agent, is 

α(b + k1s + k2g) − rσ 2α 2 /2 + β − 0.5(s + g)2  and U is his reservation utility. 

Conditional on an offered contract, the agent selects s to solve: 

Max
s
α(b + k1s + k2g) − rσ 2α 2 /2 + β − 0.5(s + g)2      (7) 

subject to  

Ugsrgkskb ≥+−+−++ 222

21 )(5.02/)( βασα      (7a) 

As usual, one solves the problem backwards, beginning with the agent’s problem 

and formulating the Lagrangean to derive the solution to the principal’s problem, 

incorporating the first order conditions from the solution to the agent’s problem. The 

offered contracts depends on the value of the baseline demand, b. We summarize the 

solutions below, relegating proofs to the Technical Appendix. There are three distinct 

contract forms, each one occurring in a certain range of b. 

Case 1: For low baseline demand locations (l type) where b is in the following range: 

)/()))(((
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2

21 krkkrkkb +−+−≤ σσ  
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the offered contract is: 

α = k1

4 /(rσ 2 + k1

2)

g = 0

β = αb − (k1

8 /(rσ 2 + k1

2))

         (8) 

The induced effort on the first task is )/(
2

1
25

1 krks += σ . Notice a commission is paid for 

each customer signed-up, but there is no g enforced. 

 Case 2: For medium baseline demand locations (m type) where b is in the following 

range: 
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the offered contract is: 

α = (k1

4
(b + k1 − k2)) /(2(k1 − k2)(rσ 2 + k1

2
) − k1

4
)

g = (b(rσ 2 + k1

2
) + k1

4 + (k2 − k1)(rσ 2 + k1

2
)) /(2(k1 − k2)(rσ 2 + k1

2
) − k1

4
)

β = (α 2 /2)(rσ 2 + k1

2
) − α(b + k1(αk1 − g) + k2g)

  (9) 

The induced effort on the first task is
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Notice a commission is paid for each customer signed-up, and there is an enforced level 

of g.  

Case 3: For high baseline demand locations (h type) where b is in the following range:
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the offered contract is: 
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2 2

2

0

( ) /(1 2 ) or *

/ 2

g b k k g g

g

α

β

=

= + − =

=

     (10)  

The induced effort on the first task is s = 0. Notice there is no commission paid for 

customers signed-up, but that there is an enforced level of g. 

Observe that our contract solutions match the observed outlets as follows: l type 

contracts correspond to retailers, m type contracts to dealers, and h type contracts to 

company shops, as shown in Table 2.1. It is important to note that we do not impose the 

number of channel contract forms; rather, they fall out of our model. In the next section, 

we describe our data in greater detail, explain the estimation procedure, and validate our 

structural estimates. 

 

3.  DATA AND ESTIMATION 

We observed all customers signed up over a four-month period (May-August 

2004) at 17 outlets. For each customer, we observe the plan and the security deposit30. 

Furthermore, each customer’s billings are observed from their sign-up date to November 

2005. For each outlet, we observe the following aspects of the compensation contract. 

The commission rate paid per customer (for dealer and retailer outlets) is known, but we 

do not observe the fixed wage. However, we do know that company shop agents are paid 

a higher fixed wage than dealer agents, while retailers get zero fixed wages. Table 1 

                                                 
30 Security deposits reflect the riskiness of the customer and the “richness” of the plan. Customers who 
subscribe to higher end services will, ceteris paribus, be required to pay a higher security deposit. 
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summarizes the institutional details for the contract types, while Table 2.2 matches up 

these observed contract forms to the contract types from our model. 

Table 2.3 shows that company shops sign up the most customers per month, 

followed by dealers and retailers in that order. While this accords with the fact that 

company shops are in locations with the highest baseline demands, it is seemingly at odds 

with the fact that they operate under no incentives for sign-ups. Table 2.4 shows that 

customers sign up for significantly different plans across outlet types. Company shops 

sign up a larger proportion of Plans 3, 4, and 5; dealers sign up a larger proportion of 

Plans 1, 2, and 4, and retailers sign up a larger proportion of Plans 1 and 5. These 

differences suggest that we need to attend closely to differences in customer types across 

outlet types as a possible driver of observed outcome differences. We address this issue 

explicitly later. 

3.1 Auxiliary Assumptions for Estimation 

Recall that we do not observe baseline demand for any outlet or effort on either 

task. Our estimation procedure needs to separate the impact of baseline demand and 

efforts. Baseline demand is likely to vary, both within and across outlet types. However, 

the firm offers identical contracts to all outlets of a given type. This implies that the 

contract offered at any particular outlet cannot uniquely identify the baseline demand of 

that outlet. Given the above, we make the following auxiliary assumptions. 

A1. For any outlet type, the firm offers contracts based on the mean 

baseline demand of the type of outlet.  
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The reasoning behind A1 is as follows. There are three contract forms in the 

analytical model solution, but these contracts vary continuously with baseline demand 

within each form. The model therefore admits as many different contracts as outlets. In 

reality, we find only one contract for each outlet type (i.e., company shop contract, dealer 

contract, and retailer contract). There are two ways to reconcile the model to the setting. 

We can assume that baseline demand is constant within each outlet type. This would be 

justified if the variation in sign-ups within a particular contract type (across outlets) were 

relatively low. Alternatively, we can assume that the firm knows only the mean baseline 

demand for each outlet type and conditions its contracts for that outlet type on this mean 

baseline demand. Since we do observe significant variation in sign-ups across outlets 

within outlet type, the second interpretation is more reasonable, and is the one we use. 

A2. The variance of the mapping of efforts to sign-ups is constant and 

uncorrelated across outlets (i.e., we assume a diagonal, homoskedastic 

variance-covariance matrix).  

There are two justifications for this assumption, one institutional and one 

econometric. First, in our empirical context, stores are located so as to not be in direct 

competition with one another, suggesting a lack of correlated shocks. Second, the 

identification of the additional variances would require us to make potentially untenable 

assumptions on how the firm uses information on these variances to come up with 

optimal contracts (e.g., it conditions contracts on the mean of variances across outlet 

types). Nevertheless, we do estimate a model with heteroskedastic errors as a robustness 

check, and find our results remain substantially unchanged. 
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To reiterate, we seek to estimate baseline demand, b, at each outlet, the variance, 

σ
2, of the error in mapping efforts to sign-ups, and the responsiveness of sign-ups to the 

effort on the g task, k2
31. 

Our estimated parameters are used to calculate s effort. Note that we do not 

estimate the coefficient of risk aversion. This is because it enters the moment conditions 

through an interaction term with the variance of the effort response function. Ideally, risk 

aversion would be identified by variation in wealth levels for the agents over time, which 

requires us to know their total compensation explicitly. We do not have this information. 

We therefore fix the value of risk aversion at 0.03. Prior related work has found values 

ranging from 0.0001 (Lee et al. 2008) to 0.2 (Holt and Laury 2001)32.  

3.1.1 Identification. Identification comes from observing multiple outlets that operate 

under the same contract form over multiple time periods. Since each agent reacts 

optimally to its offered contract, variation across time at outlet level allows us to identify 

the variance term σ2. The b parameters at the outlet level are identified by the fact that 

contracts are identical for all units of a particular type, yet there are systematic 

differences in the number of customers signed up.  

3.2 GMM Estimation 

 We set up and minimize an objective function based on a set of moment 

conditions. More specifically, the parameters are estimated by minimizing a weighted 

sum of squares of the differences between the population moments and the sample 

                                                 
31 We normalize the responsiveness of sign-ups to the s effort, k1, to one. We also estimate a scaling 
constant, which maps the scale of incentives in the model to observed incentives. 
32 We do robustness checks with various values of this coefficient, and find our results qualitatively similar 
for a range of values. 



62 
 

moments. In order to set up the GMM procedure, we need to specify i) the moment 

conditions, ii) the instruments which are orthogonal to the moments, and iii) the 

weighting matrix. Consider them in turn. 

3.2.1 Moment Conditions. Our moment conditions, which are separate for each outlet 

type, are driven by the following population moments: 

i) Expected sign-ups are equal to the sum of the baseline demand and effort at that 

location. Thus, if e is the difference between the observed sign-ups and expected sign-

ups, and if Z represents a vector of instruments that is uncorrelated to the differences in 

expected and observed sign-ups, we have E(e’Z) = 0. This is a first moment condition on 

the effort-response relationship. In what follows, we denote first moments as E1. 

ii) In expectation, the square of the difference in observed and expected sign-ups is equal 

to the error variance. Denote this difference as e2. This is a second moment condition on 

the effort-response relationship. As before we have E(e2’Z) = 0. In what follows, we 

denote second moments as E2.  

iii) A third set of moments arises from our assumption that the contracts offered by the 

firms are optimal, conditional on the mean baseline demands. This moment condition 

matches the observed incentives with the incentives predicted by the model. Thus if e3 

refers to the difference between the observed and predicted incentives, and Z represents a 

vector of instruments which is uncorrelated with e3, we have E(e3’Z) = 0. 

Low baseline demand (type l) outlets (Retailer): 

0))(( =−− itliit ZsbyE      (E1)  (11a)  

2 2((( ( )) ) ) 0it i l itE y b s Zσ− + − =     (E2)  (11b) 
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0)))1/(1(( 2 =+− itl ZrE σα      (E3)  (11c) 

The expression for sl is drawn from the analytical expression in (9). 

Note that yit is the observed number of sign-ups for the ith l type outlet in time t 

(i=1,…12, t =1,..4) and bi is the baseline demand of the ith
 l type outlet33.  

Medium baseline demand (type m) outlets (Dealer): 

0))(( 2 =−−− itmmiit ZgksbyE     (E1)  (12a) 

0))))((( 22

2 =−−−− itmmiit ZgksbyE σ    (E2)  (12b) 

0))))1/()1(((( 2 =++− itmm ZrgE σα     (E3)  (12c) 

 The expressions for mα and mg are derived from equation (9) and omitted here for 

brevity. Please see the Technical Appendix for details.  

High baseline demand (type h) outlets (Company Shop): 

0))(( 2 =−− ithiit ZgkbyE      (E1)  (13a) 

0))))((( 22

2 =−−− ithiit ZgkbyE σ     (E2)  (13b) 

(i =16, 17; t =1, … 4).  

3.2.2 Choice of instruments. We require a vector of instruments, Z,  that is correlated to 

the endogenous variables but uncorrelated to the errors; i.e., we require instruments that 

are uncorrelated to the outlet level shocks, but are correlated to efforts on the s task. We 

have data on the price plans chosen by each customer as well as the security deposit paid 

by each customer. For each outlet we can thus compute the mean security deposit as well 

                                                 
33 Note that our assumption that contracts are conditioned on the mean baseline demand, and that a 
particular contract type is optimal in a particular baseline demand range, has the effect of putting bounds on 
the mean baseline demand in terms of the parameters. Any feasible solution must satisfy these bounds. 



64 
 

as the mean profile of price plans sold by the outlet (this is simply the mean of the price 

plan dummies for the customers signed up by the outlet in a time period). As instruments, 

we use the mean security deposit and the mean product profile sold by other outlets that 

operate under the same contract in the same period, i.e., all other outlets of the same type. 

The justification for our instruments comes from the premise that the shocks at a 

particular outlet are uncorrelated with the product profile sold at any other outlet of the 

same type. However, the products sold by outlets of the same type (hence offered the 

same contract) are correlated. We use contemporaneous instruments, which thus vary 

across time and across outlet for each outlet type. This gives us a vector of five 

instruments for each outlet time period combination, which can be expressed as 

[SD-i,t, P1-i,t, P2-i,t, P3-i,t, P4-i,t], where SD refers to security deposit, P refers to the price, 

and the subscript (−i,t) refers to the average value of the relevant variable across all 

outlets of the same type except the ith outlet. For instance, SD-i,t refers to the average 

security deposit paid by customers who buy, in period t, from other outlets of the same 

type as outlet i (but not from i itself).   

3.2.3 Weighting matrix. A simple but efficient choice (Hansen 1982) is the estimated 

variance covariance matrix of the moments, denoted as Ω-1. As such, we need an 

unbiased estimate of Ω-1. We proceed using Hansen’s two-step estimator, where in the 

first stage we compute our estimates using an identity matrix, and then use these first-

stage estimates to compute our estimate of Ω-1. This is then used as the weighting matrix 

for the second stage estimation to yield our final estimates. 
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We estimate the parameters by matching the sample moments with population 

moments. Denoting the vector of stacked moment conditions as L, we minimize the 

GMM objective function, L Ω-1
L, where Ω-1 is the estimated variance covariance matrix 

of the moments. We have a total of 980 moment conditions with 20 parameters to be 

estimated, indicating that our system of equations is over-identified; this over-

identification forms the basis of Hansen’s J test for the goodness-of-fit of the model.  

 

4.  RESULTS AND COUNTERFACTUAL ANALYSIS 

Table 2.5 reports our GMM estimates. Table 2.6 reports computed s and g efforts and 

their standard errors (computed using the delta method)34. The efforts are computed for 

each outlet type using the relevant expression from the analytical model solutions. 

Of note is the computation of effort g* exerted at the company shop. Although we 

have post-hoc access to revenue data, we do not use this data to identify g*, because this 

data is not a part of the firm’s information set at the time of contracting. We can, 

however, compute upper and lower bounds on the effort gh, because we know that it must 

be at least as large as the minimum effort required to justify the presence of a company 

shop contract. The lower bound corresponds to the optimal value of g at the minimum 

baseline demand level of the h type unit, which in our model is )1/( 22

1

4

1 −+= σrkkgh . 

                                                 
34 Briefly, if h(B)is a consistent estimator of the true value of a function of the parameters h(β), then the 

variance of the estimator h(B) is approximated by ( ) ( ) ( )h Var B hβ β′∇ ∇ . A sample calculation for the 

standard errors using the delta method is detailed in the Technical Appendix. The computation for the 
counterfactuals is considerably more complicated, but proceeds along similar lines. 
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The upper bound from the model is gh = )21/()( 22 kkb −+ . We use the lower bound, as it 

is the most conservative estimate of the enforceable effort on the g task.  

Observe that our estimated baseline demands, b, in Table 2.5 are highest at the 

company shops, followed by the dealers and retailers, in that order. Second, the 

calculated s and g efforts in Table 2.6 show that the retailer exerts the maximum effort on 

the s task, followed by dealers. Company shops exert no s effort. In contrast, the 

company shop exerts the maximum effort on the g task followed by dealers. Retailers 

exert no g effort. Of particular note is that the s effort at dealer outlets is lower than the 

corresponding effort at retailers, despite the dealers being paid higher commissions. 

Intuitively, the presence of the second contracted task competes for the agent’s attention 

and raises the cost to the principal of inducing effort on the first task. 

4.1 Model Validation 

In order to assess whether our structural model captures the intended setting in a 

reasonable fashion,  we assess the validity of our model as follows. We compare post hoc 

estimates of the lifetime value (LTV) of revenues for each customer to the ex ante values 

implied by our estimates of the structural model. To construct our post-hoc estimates, we 

rely on access to customer level billing data for a fifteen-month period for four cohorts of 

signed up customers. Notice that customers who cancel the service during the observation 

period are completely observed, while customers who are still alive at the end of the 

observation period are right censored in that we do not know the additional revenue that 

these customers might have generated beyond our observation period.  
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We use a hazard model to estimate individual level tenure, with a Weibull 

distribution for the hazard rate, incorporating plan choice and security deposit as 

individual-specific, time-invariant covariates. The Weibull distribution accommodates 

increasing, decreasing or constant hazard rates, and has been used in prior work (e.g., 

Schmittlein and Helsen 1993). Its baseline hazard is given by 1tκκ − and the likelihood 

function is as follows:  

1 ( )

1

( , ; , ) ( )
Xit

it it

N
X t e

i

L t x t e e
λκλ δκλ κ κ − −

=

= ∏ where δit is a set of customer specific 

survival indicators.  

Table TA2.1 of the Technical Appendix reports maximum likelihood estimates 

for this hazard model.  The distribution of customer tenure across outlet types is reported 

in Table TA2.2 in the Technical Appendix.  

We use these individual customer-level tenure estimates to calculate aggregate 

revenues for each outlet, with standard errors computed using the multivariate delta 

method. To reiterate, these calculations do not use any of the data used in the structural 

model estimates; further, the revenue data used in these calculations is not used to derive 

the structural estimates.  

With these post-hoc estimates of revenue in hand, we turn to calculating ex ante 

revenue estimates from our structural model. First, note that in our analytical model, the 

revenue per customer at the retailer outlet is normalized to one. Thus, we compute 

comparative estimates of revenue; viz., the ratios of revenues of the company outlets and 

dealer outlets respectively to revenues for retailer outlets. We proceed as follows: 
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 1. Using the estimated baseline demands and s task effort for each of the retailer 

outlets, yi =bi + sl   yields the expected number of customers signed up per month at that 

outlet. We then aggregate the observed sign-ups across retailers, using our normalized 

revenue per customer figure of one to arrive at an estimate of aggregated monthly 

expected revenue for retailer outlets.  

2. Using the estimated baseline demands and efforts for each dealer outlet as 

)1)((),,( 2 mmmiiii ggksbgsbR +++=  yields the expected revenue at that outlet. The 

aggregate expected revenue per month for the dealer outlets is computed and its ratio to 

the revenue for the retailer channel is obtained by dividing the aggregate revenue 

obtained in 2) by the aggregate revenue obtained in 1). For ease of exposition, the ratios 

are scaled by a factor of 100 in our reports. 

3. Analogously, we proceed to estimate the revenue for each company shop, the 

aggregate revenue for all company outlets, and the ratio of aggregate revenues of 

company outlets to aggregate revenues of retailer outlets. 

Table 2.7 compares our post-hoc revenue estimates to the ex ante estimates from 

the structural model. The structural model correctly predicts the rank ordering of 

revenues. Parenthetically, we note that although this consistency is heartening, in the 

absence of a clear benchmark it is not possible to conclude much about the precision of 

the estimates from the structural model.  

4.2 Incentive Effects 

Paarsch and Shearer (2000) define the incentive effect as “… the difference in 

productivity between fixed wage and piece wage contracts, holding conditions constant” 
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(pp. 59). Our multi-task setting complicates the implementation of their notion since the 

level of g effort affects the level of s effort. As such, we employ the following definition. 

Denote the incentive effect as the increase in the number of customers signed up by an 

outlet induced by a unit increase in its commission rate, holding constant the enforced g 

effort. Observe that company shop contracts pay zero incentives, so this quantity cannot 

be meaningfully computed for these outlets. 

Our computed incentive effects for the retailer and dealer contracts are 18.6% and 

6% respectively. Put differently, there is a greater behavioral response to the same unit 

increase in commission rate from an agent in a retailer outlet compared to an agent at a 

dealer outlet. There are two takeaways from our estimates. First, our retailer contract’s 

incentive effect is in line with Paarsch and Shearer’s (2000) estimate (22.6%) of the 

incentive effect in a comparable setting, viz. their single task agent. This is a meaningful 

comparison because our retailer is de facto a single task agent who is contracted only on 

the s task. Second, the incentive effects for our retailer and dealer are different due to the 

convexity of the agent’s cost function, and the relative impact of the s and g efforts on 

sign-ups. Consider each in turn. The convexity of the cost function implies that at higher 

g effort, the incremental cost of an additional unit of effort on the s task is higher. Since 

dealers allocate their effort between these two tasks, it is costlier to get them to re-

allocate effort, leading to a lower incentive effect. As for the relative importance of tasks, 

recall we posited that the consultative selling effort (g) influenced sign-ups to a lesser 

degree than did acquisition effort (s). Our estimates afford us an opportunity to 

independently verify this conjecture. The relevant parameters are k1 and k2, which are the 
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coefficients of the s and g efforts on sign-ups in equation (1). Our estimate of k2 (0.01) is 

much smaller than k1 (normalized to 1.0), indicating that g effort affects sign ups much 

less than does s effort. Again, this indicates the difficulty of getting the agent to reallocate 

effort, leading to a dampening of the incentive effect. 

4.3 Alternative Contracts 

What are the pros and cons of a different assignment of contract forms from the 

one prevalent currently? We proceed as follows. First, we estimate counterfactual 

revenues if the firm were to limit itself to a single contract form. There are three such 

alternatives, ranging from complete vertical integration (all company outlets) to all 

dealers to complete third party distribution (all retailer outlets). This addresses the keen 

interest of managers in knowing the consequences of changing the incentive structure. 

Next, we consider the opposite strategy wherein the firm keeps its channel structure (i.e., 

three channel types), but tailors the incentive structure to each location. This addresses 

the long-standing conjecture about transaction costs being responsible for real-world 

contracts being much more coarsely tailored than is implied by moral hazard theory.  

4.3.1 Revenue under alternative channel structures. We compare revenues under the 

current multi-channel structure to i) company shop contracts only, ii) dealer contracts 

only, and iii) retailer contracts only. In each alternative scenario, we assume that 

conditional on the offered contract, the agent chooses effort. We proceed as follows. 

1. Given a particular counterfactual contract form, assume that the agent responds 

optimally to that contract. The contract used for computation is the estimated incentive, 
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α, and the estimated g effort from our model along with the estimated baseline demand, 

b, at that outlet. 

2. Use 1) and the incentive compatibility condition to compute the s effort at each outlet. 

Then use the estimated value of the baseline demand and s effort to compute expected 

number of customers signed up at each outlet. 

3. Use the estimated g effort from 1) and 2( , , ) ( )(1 )i i i iR b s g b s k g g= + + + with 

appropriate scaling to compute the revenues at each outlet. Appropriate scaling in this 

case implies that the revenue estimates for the retailer channel are not obtained by 

applying a scaling factor of one to the expected number of customers signed up by each 

unit, but by using a scaling factor which is equal to the empirically generated value of 

revenue per customer35.  

4. Use the delta method to compute the standard errors of the counterfactual estimates.  

Table 2.8 contrasts the revenues from the current triple-form channel with these 

alternative single-form channels. The extant channel structure outperforms all of the 

alternative single-form channels by at least 10%. Our results thus provide an empirical 

rationale for the firm’s use of three types of channel outlets. More generally, they 

constitute a first cut at quantifying the benefits to employing a multiple-form structure 

over the best single-form structure. Of course, our estimation does not explicitly factor in 

the transaction costs incurred as a consequence of employing and maintaining multiple 

contracts. We turn to this task below.  

                                                 
35 Note that this is not the scaling factor estimated earlier. The scaling factor we use here does not 
substantively affect any of the conclusions, but is incorporated merely to facilitate comparison of the likely 
range of monetary values and give the reader a sense of the magnitudes involved. 
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 4.3.2 Tailoring contracts. As discussed earlier, in our analytical solution incentives vary 

continuously with baseline demands for the dealer contract form. However, the contracts 

observed in practice are considerably less fine grained in that all dealer outlets are offered 

the identical contract. One reason for this coarse granularity of real-world contracts could 

be the ex-ante and ex-post transaction costs involved in designing and administering a 

larger number of contracts (Bhattacharya and Lafontaine 2000). However, absent any 

estimates of these costs, this argument cannot be appraised. We bound the implied 

magnitude of these transaction costs in our setting as follows. Formally, we successively 

enhance the information set that the firm has available to it at the point of making the 

contract form decision. In each case, we confine our attention to the empirically observed 

three forms (equivalently, three outlet types).  

1. Relax the assumption that the firm sets contracts on the basis of the mean baseline 

demand for each outlet type. Instead, allow the firm to use the actual estimated baseline 

demand (b) at each outlet to form the contract at a location. This essentially means that 

the firm’s information set now has i) as many b parameters as outlets, ii) a common error 

variance (σ2) across all outlets. Estimation reveals expected revenues increase by 2.8% 

over the extant configuration. 

2. Further relax the assumption that the error variance is the same across all outlets36. We 

do this in two steps. First, similar to the assumption on baseline demands, we assume that 

the firm knows the mean error variance for each outlet type, but does not know the 

realization for each outlet. This amounts to conditioning contracts on three error 

                                                 
36 We do estimate our model and redo our computations under the assumption of heteroskedasticity. Our 
substantive conclusions are qualitatively unchanged. Results are available on request. 
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variances, one for each outlet type. The information set therefore has i) as many b 

parameters as outlets, ii) three error variances. Re-estimating the model under this new 

assumption, we find that expected revenues increase by 4.7% over the extant 

configuration.  

3. Further relax the assumption that the firm contracts on the error variance for each 

outlet type, and instead allow it to tailor the contract to the variance for each outlet. In 

other words, the information set of the firm now has i) as many b parameters as outlets, 

ii) as many error variances as outlets. Re-estimating the model, we find that expected 

revenues increase by 6.1% over the extant configuration. 

 Table 2.9 summarizes the three counterfactual cases.  Plainly there are gains to 

tailoring; however, even at the highest level, the gains from tailoring are only around 

6.1%. Put differently, transaction costs of a relatively modest magnitude (6% of 

revenues) could justify the coarse alignment of contracts to locations. Are these implied 

transaction/contracting cost estimates reasonable? The only available comparison is the 

contracting cost estimate from Masten et al. (1991), who used a Heckman-style selection 

model to estimate these costs to be 13% of the invoice cost of procured components. 

Transaction costs of that magnitude would clearly overwhelm the maximum gains from 

tailoring in our context, and would justify the observed coarse alignment of contracts to 

locations. 

4.4 Robustness  

 In formulating our effort response function, we assumed normally distributed 

errors with mean zero and variance σ2. Since the support of the normal distribution is 
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unbounded on both sides, this admits negative customer signups, which is plainly 

unreasonable. Although it is comforting to note that the predicted values of sign-ups for 

every outlet computed from our estimates are positive numbers, and all the estimated 

errors lie within one standard deviation of the mean, a more complete check is desirable. 

We turn to this task below. 

4.4.1 Error distributions. We re-estimate our model below using two alternative error 

distributions. We require two properties of a candidate distribution. First, it must allow 

for negative shocks to signups. Second, the support of the distribution must be bounded. 

Two distributions from the family of exponential distributions that satisfy these 

properties are the Beta Binomial and the Gamma Poisson (Ericson 1969). 

One complication is that these distributions do not allow a tractable 

parameterizations of the agent’s certainty equivalent. We therefore re-formulate the 

agent’s problem in utility maximization terms, using the following specification: 

)()(*)()( gsCyVarryEsU +−+−+= αβαβ  

where the first term on the right hand side refers to the agent’s expected wage, the second 

term refers to the risk premium for wage variance, and the third refers to the cost of effort 

function. This specification can be viewed as a second order approximation to an 

arbitrary utility function (Misra and Nair 2009). We use this specification to solve the 

agent’s utility maximization problem, with the only difference from the earlier case being 

that the individual rationality constraint now incorporates the agent’s reservation utility. 

The solution procedure progresses as before, and we find no qualitative difference in the 
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consequent contract structure. We conclude that our results are robust to alternative 

assumptions on the error distribution.  

 

4.5 Alternative Explanations 

Customer self-selection and customer matching represent two validity threats to our 

conclusions.  Consider each in turn. 

4.5.1 Customer self-selection. Systematic differences in the profile of customers who 

frequent different outlet types might well be responsible for observed differences in 

outcomes (both customers signed up and expected revenues), instead of the efforts 

expended by agents themselves. For instance, higher value, affluent customers may 

patronize company shops, which could explain the higher revenues for these types of 

outlets. We perform two analyses to demonstrate that agent efforts do matter at the outlet 

level, after accounting for effects of customer self-selection.  

First, note that if we were to examine differences in post-hoc LTV at the outlet 

type level, the self-selection argument would imply that there is some unobserved 

customer characteristic that is correlated to channel choice at an individual level, 

potentially biasing the coefficients of the channel type. The recommended solution to this 

endogeneity bias is to use instrumental variables. 

To this end, we regress our estimates of LTV per customer against plan dummies, 

channel type dummies, and sign-up month dummies, and use the plan choices of other 

customers who use the same channel in the same trading area as instruments for channel 

choice. These instruments are valid under the assumption that any given customer does 
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not condition his choice on the plan choices of other customers who choose the same 

outlet type. We thus run the following specification for customer i acquired by outlet type 

j (j = 1, 2, 3) in month t (t = 1, 2, 3, 4):  

LTVijt = γ 0 + γ1Companyshop + γ 2Dealer + γ k

k=1

4

∑ Priceplank + γ k Month
k =1

3

∑  

where Companyshop is a dummy variable set to 1 if the ith customer buys from a 

company shop, 0 otherwise, Dealer is a dummy variable set to 1 if the ith customer buys 

from a dealer, 0 otherwise, Priceplank are four dummy variables for five price plans, and 

Montht are three dummy variables for four months. 

The results in Table 2.10 are in line with our model predictions. The difference 

between company shop and dealer coefficients is significant at the 95% level. Thus, sign-

ups at company shops yield a larger LTV, followed by dealers and retailers, in that order, 

after accounting for the impact of any customer self-selection with our instruments. Put 

differently, we can rule out self-selection as a threat to our conclusions. 

4.5.2 Customer Matching. We have argued that more consultative selling (g) effort leads 

to better educated customers, a greater likelihood of matching customers to the ‘right’ 

plan, and consequently higher expected revenues. This implies that customers in outlets 

with higher g effort should be ‘matched’ better. Although we do not have any direct 

measures of matching, we do have details of each plan, including the minimum monthly 

payment, the call rates, and the number of free minutes. Note that call rates differ 

depending on whether the call is a local call from a cellular network to another customer 

on the provider’s own network, a local call to a cell phone customer on a different 
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network, a local call to a fixed line phone, or a call to another state. From the focal firm’s 

records, we know the average distribution of call volumes across these call types. Under 

the assumption that this corresponds to a population usage pattern, for any given volume 

of usage we are able to obtain an estimate of the likely expenditure under each plan, and 

hence identify the least cost plan at each level of usage. This is, by our definition, the 

plan that is the best ‘match’ for that particular customer.  

Next, we compute the extent to which the customer is overpaying per minute used 

as a consequence of being on his current plan, given his level of observed usage. Denote 

this as the deviation from the optimal match. We compute this as the difference from the 

least cost plan for a given usage level; its value therefore is always zero or positive, with 

larger numbers indicating worse matching. We compute the mean deviation for each 

contract type and find that these are in accordance with our predictions, i.e., it is lowest 

for the customers signed up at company outlets, followed by the customers signed up at 

dealer outlets and retail outlets (see Table 2.11). A t-test reveals that these differences are 

statistically significant, suggesting that company shops indeed do a better job of matching 

than dealers or retailers.  

5.  DISCUSSION AND CONCLUSIONS 

 Today, moral hazard models are the workhorse for probing a variety of issues in 

marketing channels. In particular, the multi-task moral hazard model explains the key 

features of modern channels quite well, where firms increasingly get channel partners to 

engage in multiple tasks under multiple channel forms to reach consumers. However, 

managers face serious difficulties in applying this model’s insights. First, generalized 
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multi-task models are of little use; they need to be particularized to the context at hand to 

generate usable results, and such particularized models are scarce. Second, although 

reduced-form estimates do provide theoretical insights, such estimates are not useful to 

managers whose principal desire is to be able to forecast ex ante the outcomes from 

changing or switching channel contract forms. Our study responds to both of these issues. 

With respect to particularizing the general model, we develop a version that 

captures the key features of an important class of product and service contexts, namely 

subscription-style products and services.  In many settings (e.g., insurance policies, 

Internet access, magazine subscriptions, industrial equipment maintenance programs, 

etc.), firms engage channel partners to persuade prospects to sign up, and these 

subscribers then generate revenues over time for the firm.  From the perspective of 

channel design, the firm seeks to induce two types of effort, acquisition and consultative 

selling. Both efforts influence prospects to sign up, but acquisition has a greater 

immediate impact than consultation. From a modeling standpoint, the challenge is that 

expected revenues are not verifiable at the time of contracting, limiting incentives to 

commissions on verifiable sign-ups. 

 Our analytical model captures these features, and generates multiple-form contracts 

to induce the desired mix of the two tasks at each channel outlet. We show that the 

desired task mix swings towards acquisition as baseline demand diminishes. The contract 

form varies correspondingly, with a commission-only plan for an acquisition only agent 

and a pure flat wage plan for a consultative selling only agent.  
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 With respect to the issue of the keen desire of managers to forecast ex-ante the 

outcomes of alternative contract forms, we develop structural estimates of our model that 

enables us to compute what-if scenarios. To our knowledge, these are the first structural 

estimates of a multi-task moral hazard model. We use our what-if calculations to address 

the conjecture that transaction costs are responsible for the relatively coarse tailoring of 

contracts observed in the real world compared to the theory model’s fine-grained 

tailoring. We find that transaction costs of the order of 6% are sufficient to deter further 

tailoring of contracts beyond the current three contracts. 

There are many aspects of our work that deserve further exploration. First, our 

analysis is particularized to a specific multi-channel context; it would be plainly useful to 

look at other contexts where the relationship between the tasks is different. Second, we 

do not explore the possibility of variation in risk aversion across agents. Third, one could 

think of modeling the impact of the consultative effort in a more structural manner, by 

constructing an explicitly dynamic model. The data we have currently preclude the 

estimation of such a model, but future research could address this issue. 
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TABLE 2.1: Institutional Details of Observed Contract Forms 
 

Outlet type Contracted Tasks Verifiable 
Output 

Commission for  
customer signed 

up 

Flat 

Wage 

Type 

label 

Company 
shop 

No outbound sales 
calls; consultative 

selling task 
contracted for. 

Customers 
acquired 

Zero Yes H 

Dealer Outbound sales calls 
encouraged; 

consultative selling 
and acquisition tasks 

contracted for. 

Customers 
acquired 

Positive Yes M 

Retailer Outbound sales 
calls; acquisition 

task contracted for. 

Customers 
acquired 

Positive No L 

 

 

TABLE 2.2: Contract Types 

 

Contract Type Commission for 
customers signed 

up 

Contracted 
level of g 

effort 

Flat 
Wage 

Type h αl > 0 gl = 0 β  > 0 

Type m αm > 0 gm > 0 β  > 0 

Type l αh = 0 gh > 0 β  = 0  
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TABLE 2.3: Customers signed up By Outlet Type 

 

Outlet Type Customers per 
outlet per month 

(Std. Dev.) 

Company shop 23.2 (10.1) 

Dealer 14 (10.5) 

Retailer 2.8 (3.1) 

 

TABLE 2.4: Customers signed up by Calling Plan (%) 

 

 

 

 

 

TABLE 2.5: Results of GMM Estimation 

 

Parameter Estimate 

bcompany 25.8***(.002) 

bdealer 14.4***(.01) 

bretailer -.02(.24) 

σ
2 20.2***(.02) 

k2 .01*(.006) 

  

 
p-value *** <.01; **<.05,*<.1 
We estimate baseline demands for 17 outlets and report the mean baseline demand for 
each outlet type. 
The coefficient of risk aversion is set at 0.03. 
Hansen’s J-statistic is 2.3E-06; the over identifying restrictions are not rejected. 

 

     

 

Outlet type Plan 1 Plan2 Plan 3 Plan 4 Plan 5 Total 

Company Shop 1.89% 18.06% 26.42% 30.46% 23.18% 100% 

Dealer 30.06% 20.24% 14.58% 20.24% 14.88% 100% 

Retailer 20.59% 11.76% 13.24% 4.41% 48.52% 100% 

Total 16.13% 17.91% 19.57% 22.42% 23.96% 100% 
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TABLE 2.6: Computed Efforts 

 

Effort Value 

gcompany 14.27***(3.26) 

gdealer 8.18***(2.33) 

sdealer 2.3***(.37) 

sretailer 5.4***(.42) 

 
p-value *** <.01 
 

TABLE 2.7: Validation: Revenues At Outlet Level 

 

Outlet type Ratio of revenues to 
retailer shop (post-hoc 

billing data) 

Ratio of revenues to 
retailer shop (structural 

model) 

Company shop 318 212 

Dealer 186 151 

Retailer 100 100 

 

 

TABLE 2.8: Counterfactual Estimates of Revenues 

 

Configuration Revenues 

Company shop only 38014 

Dealer only 37763 

Retailer only 27098 

Current structure (company, dealer, retailer) 43424 
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TABLE 2.9: Revenue Gains From Tailoring (Different Information Sets) 

 

Information set % gains from tailoring 

17 baseline demands, single variance 2.8% 

17 baseline demands, 3 variances 4.7% 

17 baseline demands, 17 variances 6.1% 

 
Note: % gains are over the baseline case, which has one contract per outlet type, 
conditioned on the mean baseline demand for an outlet type and a common variance 
across outlet types. 
 

 

 

 

 

 

 

 

 

 

 



84 
 

TABLE 2.10: Regression of Customer Lifetime Value Against Outlet Type and Plan 

Choice 

 

Coefficient Estimate (Standard error) 

Company shop 141.28***(28.01) 

Dealer 76.97***(28.30) 

Security deposit .11***(.01) 

Plan 1 -100.78***(20.83) 

Plan 2 -90.17***(18.99) 

Plan 3 34.50(18.36) 

Plan 4 -21.07(18.05) 

Month 1 -43.2***(18.93) 

Month 2 -11.87(19.04) 

Month 3 24.97(18.39) 

Constant 153.70***(28.49) 

 
p-value *** <.01 

Retailer, plan 5, and 4th month of acquisition set as base. 
 

 

TABLE 2.11: Deviation Analysis at Channel Level 

 

Channel Type Deviation ($/Minute) Std. Dev. 

Company shop .008 .006 

Dealer .01 .01 

Retailer .013 .01 
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Essay 3 

 Incentive Design For Internal Suppliers: Structural Analysis of a Field Experiment 

1. INTRODUCTION 

Marketers have long recognized that for a company to effectively serve its 

customers, customer facing departments must, in turn, receive effective inputs from 

departments ‘prior’ to them in the production process. At an abstract level, one could 

think of this as a sequential, process with intermediate and final outputs, where the 

intermediate output is an input into actions taken by the customer facing department, 

resulting in the final output  desired by the firm. To make this more concrete, consider 

our empirical setting where the focal firm we study provides products and services to 

clients that are planning to participate in a trade show.  

The intermediate task is to generate a sales appointment; this is the responsibility 

of an “inside” salesperson or “telecaller”. This task results in an intermediate output, 

referred to as a lead or appointment. These leads are passed on to an  “outbound” 

salesperson who is responsible for converting these leads into sales. As such, aligning the 

efforts of the telecallers and salespeople is important for the firm.  

Achieving this alignment between the telecaller and outbound salesperson is a 

complex managerial problem for a number of reasons: i) there are numerous incentive 

plans the firm might employ; ii) the firm cannot exhaustively experiment empirically 

with all of these possible plans; iii) factors such as ability, cost of effort, and effort levels 
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are generally not observable to the firm; and iv) incentive plan budgets must be allocated 

across the tasks. 

 We address this alignment problem in this paper, using a unique combination of a 

structural model and a field experiment. To our knowledge, this is the first empirical 

effort to analyze a multi-stage marketing process with a view to developing a  

generalizable methodology for incentive plan design in such settings. We demonstrate, 

both analytically and empirically, that the “right” incentives plans depend on the type of 

interdependence between the two stages. It is the combination of the field experiment and 

structural model that enables us to estimate the nature of this interdependence.    

The approach developed here is applicable to many other settings, albeit with 

modifications; examples of two-stage processes include order creation and order 

fulfillment, demand forecasting and production, etc.  

The rest of this paper is organized as follows: Section 2 reviews the extant 

literature, Section 3 presents analytical results which highlight the design considerations 

in in two stage systems, Section 4 describes our empirical setting and methodology, 

Section 5 presents our results and Section 6 concludes the chapter. 

 

2. CONTRIBUTIONS TO LITERATURE 

Aligning internal departments to effectively serve the needs of external customers 

has attracted the attention of scholars in marketing, economics and operations ( e.g., 

Finkelman and Goland 1990; Griffin and Hauser 1993, 1996). For our purpose, the 

important takeaway is that incentive alignment depends on the nature of the 
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interdependence between the stages; viz. the extent to which they are complements or 

substitutes (Baron and Besanko 1992; Iyer et al. 2002).  

Extant research in marketing has focused on the design of evaluation and 

incentive plans that align the interests of the internal departments with the overall 

interests of the firm. Most of the attention has focused on studying the interface between 

R&D and Marketing. For instance, Hauser et al. (1996) consider a context in which R&D 

efforts are observed by the Marketing department, but not by the firm’s owners. They 

study gains from allowing the Marketing department’s evaluation of R&D output to 

affect the compensation plan for R&D, even though the two departments might collude 

on the rating.  In a related vein, Simester and Knez (2001) consider a firm-wide bonus 

scheme for employees of Continental Airlines across departments. They find benefits to 

linking individual cpmpensation  to firm-level output, despite the potential for free-riding 

Our study builds on the extant literature in the following ways.  

First, we focus on settings where which the firm possesses verifiable measures of 

both intermediate and final output, which might be incorporated into incentive 

compensation plans.  A simple analytical model tailored to this setting yields two insights 

into incentive compensation. When efforts on the intermediate and final task are 

substitutes,
37 the firm concentrates incentives on the task that is more productive. In 

addition, if one includes a budget constraint, the solution mirrors that of the ‘knapsack’ 

problem in operations research, i.e., only the most productive effort will be incentivized 

                                                 
37 When efforts are substitutes, the benefit function can be expressed as y = k1a1+k2a2, where a1, a2 are 
efforts on the two tasks and y is the final output (sales revenues in this case). When efforts are pure 
complements, the benefit function can be expressed as y=ka1a2 with a1, a2 and y being defined as before.  
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initially, and the second task will be incentivized only if any budget is left over after the 

optimum level on the first task has been reached. When efforts on the intermediate task 

are pure complements in the firm’s benefit function, it is always optimal to provide some 

incentive on both tasks. The intuition for this result is that the incentive on the 

intermediate task not only increases effort on that task, but also raises the productivity of 

effort on the final task. A corollary suggests that when efforts are both complements and 

substitutes, the decision to incentivize the intermediate task depends on the degree of 

complementarity. Beyond a threshold level of complementarity, it will always be optimal 

to incentivize the intermediate task. 

Second, we contribute to a hitherto small body of work in marketing that develops 

structural estimates of incentive effects (Chung et al. 2008; Jiang and Palmatier 2008; 

Misra and Nair 2008). However, we extend this to designing incentive plans for multi-

stage processes.  

Third, our study also differs from past work in our use of a field intervention, in 

conjunction with a dynamic estimation procedure. The intervention allows us to isolate 

the impact of incentives on the intermediate and final output, and thus sets the stage for 

computations of response under incentive configurations that were not experimentally 

observed.  

Our counterfactuals reveal that moving from an annual incentive plan with an 

incentive on growth above a target, to a monthly incentive plan which incorporates a 

straight incentive on intermediate outputs and a bonus and incentive on final outputs, the 

change in plan creates a bump in sales to the tune of 20.5%. Around 20% of this increase 
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in sales is due to the increase in intermediate output. The impact of the increase in final 

output due to the incentive on the intermediate task is larger than the impact due to 

increased effort on the intermediate task alone. The intuition for this is that with 

complementarity between efforts, incentives on the intermediate task not only raise the 

effort on that task, but increase the productivity of efforts on the final task, resulting in a 

dual incentive effect.  

Interestingly, in our setting, this incentive effect is not strong enough to for the 

firm to gain from incentivizing the intermediate task. This is due to two factors: a) the 

relatively low degree of complementarity between the two efforts (Over 70% of sales 

depend only on final efforts ) and b) there is a threshold level of effort on the 

intermediate task that can be obtained by paying a flat wage and monitoring effort. This 

result provides an explanation for the assertion made in the literature (Fehr et al. 2009) 

that in many cases where firms enter into long term ties with employees, we do not 

observe incentive compensation plans despite the availability of contractible output 

measures. This is due to the fact that it is possible to pay a flat wage and achieve a non-

minimal level of effort with an implicit contract (Macleod and Malcolmson 1989).  

Our analysis reveals that the incentive paid beyond target achievement (on final 

outputs) has the strongest impact. A modified plan that involves reducing incentives on 

the intermediate task, reducing the lump sum bonus on target achievement, and 

increasing the incentive on growth beyond target increases revenues by 5% over the 

experimental plan, without increasing the incentive spending.   
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3. THEORETICAL PRELIMINARIES 

We consider two cases--in the first instance, efforts are substitutes, while they are 

complements in the second case.  

Case 1: Efforts are substitutes 

Consider a selling process with two substituable efforts We can describe the 

effort-response function as 1 1 2 2y k a k a ε= + +  ; ε ~N (0, σ2)  

where y is the realized sales, 1a is the first  effort, 2a is the second effort, k1 and , k2  

denote the responsiveness of sales to efforts  a1 and a2 respectively. Note that the two 

efforts might be undertaken by two different agents. It is the the additive effort response 

function that renders  these efforts as substitutes from the firm’s point of view. 

Consider that the firm also possesses a measure of the effort on the first task , 

which is expressed as follows: 

φ+= 13akz
; 

φ ~ N ( 0, τ2). where z is an observed measure on the this  task, k3 is the 

responsiveness of z to effort a1. 

Let agent 1 be charged with task 1 and agent 2 with task 2. The principal is risk neutral; 

both agents are risk averse with identical coefficient of risk aversion r.  

One can prove that the optimal contract for agent 2 is conditioned on y, while the 

contract for agent 1 is conditioned on z. For simplicity,  restrict attention to linear 

contracts of the form βα += yw , where α is the incentive per unit of output and β is the 

fixed wage. Assume that the agent’s utility is of the form 
rxexU −−=)( . Assume that both 
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agents have a convex cost of effort function .2/)( 2aac =  Under these assumptions the 

principal ’s problem is  

Maximizeα
1

,β
1

,α
2

,β
2
E(y − (α1z + β1) − (α2y + β2))

    (1)
 

Subject to 0,0,0/,0/ 212211 ≥≥=∂∂=∂∂ CECEaCEaCE  

Agent 1 selects his effort level to maximize his certainty equivalent, and solves: 

2/2/
2

1

22

11311
ατβα raakMaximize a −−+

     (2)
 

Subject to 2/2/
2

1

22

1131 ατβα raak −−+ 1U≥  

Similarly agent 2 selects his effort to solve  

2/
2

2

2

2

2

22221122
arakakMaximize a −−++ ασβαα

    (3)
 

Subject to 2/
2

2

2

2

2

2222112 arakak −−++ ασβαα 2U≥  

We solve the problem backwards, beginning with the incentive compatibility 

condition for each agent. We set the reservation utility of each agent to zero without loss 

of generality. Substituting back into the principal’s problem, we derive the expressions 

for the incentives and efforts as follows:  

)/( 22

3311 τα rkkk +=         (4a) 

)/( 22

3

2

311 τrkkka +=
        (4b)   

)/( 22

2

2

22 σα rkk +=         (4c) 

)/( 22

2

3

22 σrkka +=
        (4d)
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Note that the effort response for both signals enter the solution for the effort of 

agent 1, while it is only the effort response coefficient for agent 2 and the final output, 

that enters the solutions for agent 2.  

If we were to extend these results to the case where there is a fixed total budget 

for compensating agent 1 and agent 2, the principal’s problem reduces to the familiar 

knapsack problem, and the more productive task will be incentivized completely before 

loading the second task. Under our assumptions, this reduces to the following fairly 

intuitive result: 

The second task (the effort of agent 2) will receive priority in terms of incentives if  

)/( 22

2

2

2 σrkk + >  )/( 22

331 τrkkk +  

This implies that the first task will be incentivized only if there is budget left over after 

the optimal spending for the first task has been exhausted. 

Case 2: Efforts are strict complements 

Consider a sales system with two types of necessary inputs, both of which affect 

output. One could think of the first effort as the effort to identify and initiate 

relationships, and the second effort as the effort to convert customers. In this case, we 

model the efforts as  pure complements i.e., effort on the first task enhances the 

productivity of effort on the second task, and neither of the efforts have any independent 

impact on the final output. Formally, we have: 

2 1 2y k a a ε= + ; ε  ~ N (0, σ2),   
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where y is the realized sales, 1a  and 2a are the efforts on the two tasks,and  k2 is the 

responsiveness of sales to efforts.. These two efforts might be undertaken by two 

different agents. Also, the multiplicative effort response function indicates that these 

efforts are strict complements from the firm’s point of view. The firm also possesses a  

measure of the effort on the first task (as an example, this could be the number of 

appointments generated.) Formally, this can be expressed as follows: 

φ+= 11akz ; φ  ~ N(0, τ2) 

where z, k1 and a1 are defined as in case 1. 

Let agent 1 be the agent charged with task 1(the initiation task) and agent 2 be the 

agent charged with task 2 (the conversion task). The principal’s task is to design contracts 

for both agents so as to maximize expected profits. We assume that the principal is risk 

neutral, and that both agents are risk averse with identical coefficient of risk aversion r.  

Consider the contract for agent 2 is conditioned only on y, while contract for agent 1 is 

conditioned on z. Furthermore, consider linear contracts of the form βα += yw , where 

α is the incentive per unit of output and β is the fixed wage.  

Assume that the agent has utility of the form 
rxexU −−=)( . Assume both agents have a 

convex cost of effort function .2/)( 2aac = Under these assumptions the principal ’s 

problem is  

))()(( 2211,,, 2211
βαβαβαβα +−+− yzyEMaximize

    (5)
 

Subject to 0,0,0/,0/ 212211 ≥≥=∂∂=∂∂ CECEaCEaCE  
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Agent 1 selects his effort level to maximize his certainty equivalent, and solves the 

problem: 

2/2/
2

1

22

11111
ατβα raakMaximize a −−+

     (6)
 

Subject to 2/2/
2

1

22

1111 ατβα raak −−+ 1U≥  

Similarly agent 2 selects his effort to solve  

2/
2

2

2

2

2

221222
araakMaximize a −−+ ασβα

     (7)
 

Subject to 2/
2

2

2

2

2

22122 araak −−+ ασβα 2U≥  

We solve the problem backwards, beginning with the incentive compatibility condition 

for each agent. We set the reservation utility of each agent to zero without loss of 

generality. Substituting back into the principal’s problem, we derive the expressions for 

the incentives and efforts as follows (Proofs available in technical appendix): 

5.5.02

1

22

2

2

1

5.02

1

22

2

2

121

2

2

2

1

2

1 )))(/())(()(/(( krkkkrkkkkkkr +−+−−= ττσα  

                     

                  (8a) 

)/))(((1 21

5.02

1

22

2

2

12 kkkrkk +−−= τα              (8b) 

 111 αka = , 121212 akka αα=                (8c) 

Note that in this case the effort on the second task is increasing in the incentive on 

both tasks. This is because complementarity implies that the impact of an incentive on the 

first task is not only to increase the effort on the first task, but also to raise the 

productivity of effort on the second task and hence raise the optimal effort on the second 
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task. Thus, in a two stage process with strictly complementary tasks, an incentive on the 

first task has two effects: 

a) It increases effort on the first task. 

b) It increases the productivity of the second task, thus increasing effort on the 

second task. 

Case 3: Efforts are substitutes and  complements  

While these preliminary results are useful, it is often likely to be true that in many 

real world situations, the effort response function is characterized by a combination of 

complementarity and substitutability. As an example there could be a component of sales 

that requires both initiation and conversion, while there is another component of sales 

that is based upon past relationships of the firm and is dependent only on conversion 

effort. This implies the efforts are both complements and substitutes. A simple effort 

response function for final outputs might be as follows: 

23212 akaaky += , with all other aspects of the formulation remaining as in case 2. This 

formulation proves relatively intractable in terms of interpretable analytical solutions. 

However a simple rearrangement yields a valuable insight into this problem.  

Rearrange the equation above as )/( 23122 kkaaky += and define a transformed variable 

231 / kkaA += . The response function is now analogous to Case 2. Let A* be the optimal 

level of A, obtained by solving this problem.  

It makes sense to incentivize A (i.e., a1) iff 
*A > 23 / kk (This is equivalent to saying that it 

makes sense to incentivize the first task if we require a non-zero level of effort on the 
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first task.) Note that the RHS of this expression is a measure of the degree of 

substitutability relative to the degree of complementarity in the effort response function 

for final outputs. This leads to a simple but important insight: in the case where efforts 

are both complementary and substitutable in the effort response function, it will always 

be optimal to incentivize the first task if the degree of substitutability of efforts is below a 

certain threshold. It is not uncommon to find effort response functions which demonstrate 

the coexistence of substitutability and complementarity. This is a feature of the empirical 

context that we study, and any prognosis on incentive design is difficult if we are unable 

to estimate the relative importance of substitutability and complementarity. 

Having explicated some of the important features of two stage production 

processes, we now proceed to describe our empirical context and methodology. 

4. EMPIRICAL SETTING AND METHODOLOGY  

4.1 Setting: A firm sells display products and solutions for trade shows and business 

exhibitions. Its products include display stands, banners, modular components for 

customized solutions, and made-to-stock solutions. Its sales process can be described as 

consisting of two stages with efforts as substitutes and complements. 

 Lead Generation: The firm employs telecallers who work from a database of 

exhibitors (potential clients) and a calendar of trade shows. The database specifies each 

client firm’s history and key contact person. The telecaller matches up upcoming trade 

shows and calls those firms who have participated  at these shows in previous years. The 

output from this stage is an appointment with a decision maker. These appointments are 

then passed on to outbound salespeople. Some degree of reciprocal coordination is 
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required, in that the telecaller has to check the availability of the salesperson in 

scheduling an appointment. However, the telecaller and the salesperson do not work 

together beyond transmission of the appointment information. A telecaller may set up 

appointments for more than one salesperson, but each salesperson receives appointments 

from only one telecaller. This combination is fixed for every salesperson-telecaller dyad 

in that a telecaller who passes leads  to a specific salesperson(s) will typically stay 

assigned to that salesperson(s) over the observation period. 

 Conversion: Salespeople call on the firms where appointments were previously 

made by telecallers. Note that the salesperson is not completely reliant on the telecaller 

for generation of appointments, in that some customers contact salespeople directly. In 

terms of the theoretical framework that we outlined above, the leads complement the 

conversion effort, but not as strict complements. As such, we model telecaller efforts and 

salesperson efforts as substitutes and complements as we saw in Case 3 above. 

 Incentive Structure: Salespeople are compensated with a fixed salary and an 

annual incentive payout. The incentive payout is based on an annual, salesperson-specific 

target and is provided as a commission for sales beyond  the target. The telecallers are 

paid a fixed wage. The firm can “force” a certain level of effort from each telecaller 

through monitoring and supervision.  

 Additional Considerations:  First, our firm presently pays flat wages to telecallers. 

As such, it is difficult to  identify separately  telecaller ability, enforceable effort, and the 

telecaller’s cost of effort. Second, the firm presently pays incentives to salespeople at the 

end of the year on sales performance relative to an annual target, so salespeople might 
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dynamically  reallocate effort at the end of every month, after observing their sales 

realization. This complicates estimation of the parameters of the salesperson’s effort 

response function, because we need to incorporate forward looking behavior on the part 

of salespeople.  

Forward looking behavior is apparent  in Figures 1a and 1b, which present actual 

sales patterns (We normalize the sales to reflect the proportion of annual sales realized in 

a particular month) for the same salesperson in two different years, one in which he 

achieves his quota (Figure 1a) and the other in which he does not (Figure 1b). Observe 

that in the first figure, there is a spike in sales as he finds himself closer to the quota; the 

second figure shows exactly the opposite pattern, with a sharp drop in sales as it becomes 

apparent that the quota is unlikely to be achieved. Taken together, these figures suggest 

that the salesperson strategically adjusts effort as he approaches the quota point. (Note 

that in figure 1 a, the salesperson reaches quota towards the end of the eleventh period, so 

that there is an acceleration in sales as he approaches the quota point, and immediately 

after the quota point.) A salesperson who is close to the quota at the end of the third 

quarter is likely to show a spike in effort in the final quarter, as he enters the growth 

region of the incentive plan. Conversely a salesperson who finds he is far from the quota 

at the end of the third quarter and hence has a low probability of enhancing his earnings, 

is likely to tone down his effort levels towards the end of the quota period.          
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4.2 Intervention: We persuaded the firm to make the  following changes , starting 

September 2009. Telecallers were paid an incentive for every lead,38 payable monthly. 

This change enables us to identify the incentive effect for telecallers39 and to estimate 

their ability and cost parameters.  The salespersons’ targets were changed from an annual 

quota to a monthly quota. We persuaded the firm to commit to monthly targets in 

advance for the rest of the financial year with payouts on a monthly basis. This change  

reduces the tendency of salespeople periodically readjusting effort as a consequence of 

how far they found themselves from the desired quota (referred to hereafter as distance to 

quota). The salespeople were now paid a lump sum bonus on reaching the monthly target, 

and an incentive on every unit sold above the monthly target. 

Essentially, our intervention yields a panel design where each person is observed 

before and after the intervention. As such, we observe salesperson volumes  over 29 pre- 

and 4  post-intervention months;  telecaller leads are observed over 4 pre- and 4 post-

intervention months. Finally, we observe fixed wages, and experience as well as the 

identity of telecallers supplying leads to each salesperson. 

4.3 Model:  

Salesperson effort response function: The effort response function for the salesperson 

needs to capture the following aspects of our empirical context: 

                                                 
38 A question that could be raised here is: why incentivize the telecaller on leads and not on sales? 
Managers in our focal firm were reluctant to do the latter because of concerns that the telecaller would free 
ride on the salesperson’s effort.  
39 Also note that in our context the focal firm had verifiable controls in place which enabled us to ascertain 
that quality and quantity trade offs were not a significant concern in incentivizing leads. Specifically, 
telecallers call on a list of prospects which is pre-approved, and only certain designations within the 
hierarchy are considered valid leads. 
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a) There is a component of sales that is dependent on the number of leads 

generated by the telecaller and on salesperson effort. Lead generation by 

telecallers is in turn dependent on telecaller effort and telecaller ability, with 

the same effort level being more productive for higher ability telecallers. 

b)  There is a component of sales that is dependent only on salesperson effort and 

salesperson ability. The productivity of salesperson effort is higher for higher 

ability salespeople.We thus specify the effort response function as follows: 

  

      (9) 

where: k1, k2 are scaling constants, bm refers to the ability parameter for the mth telecaller, 

em refers to the effort of the mth telecaller, and εs ~ N(0, σs
2
 ). 

 Salesperson’s per period utility: Under the assumption that sales people are risk averse 

with co efficient of risk aversion r and have a convex cost of effort function (with k3 

being the coefficient in the cost of effort function), we can write the current period utility 

for each salesperson as a function of current period wage wage wt and current period 

effort es. 

       (10) 

Consider the inter-temporal effort allocation of a salesperson facing a time 

dependent compensation scheme (the scheme is time dependent in that the sales on which 

commission is accrued are reset at the end of each financial year). The cumulative sales 

Yt, the annual target at, and the months since the beginning of the quota cycle Nt are the 

ssssmmis ebkbebky ε++= ))(( 21

.)var()(
2
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state variables for the salesperson’s problem. We collect these in a vector ( )tttt NayS ,,= . 

We denote the fixed wage and the variable incentive for the salesperson as β and αs 

respectively. Note that in our case the fixed wage varies across salespeople, while the 

commission rate on sales above quota is the same for all salespeople. (The quota over 

which the variable commission is applied, is, however, salesperson specific.) Denote this 

agent’s wealth  as wt= wt  (St, αs, βs, est, εt, k1, k2 ,bs, bm) . 

A salesperson observes his cumulative sales realization every month and updates 

his state variables. He then decides if increasing current effort increases his chances of 

crossing the quota threshold at the end of the year. The first state variable is cumulative 

sales;  Yt+1 = Yt+yt  if It  < 12, Y t= 0 if It = 12. The indicator state variable It is a count 

variable which is augmented by one at the end of every month and is set to one at the 

beginning of each year.  

Given the state transitions and the absence of ratcheting40, the agent’s problem is 

to choose effort to maximize the discounted present value of utility. Let µ be the discount 

factor. For any It  = < 12, his optimal effort policy is captured by a value function that 

satisfies the following Bellman equation: 

+    

(11) 

                                                 
40 Ratcheting refers to a phenomenon whereby firms adjust targets upward for high performers in the next 
period. The consequence is that salespeople tend to ease off after achieving quota, in order to safeguard 
next period earnings. This introduces additional dynamic considerations at the end of a quota cycle. We do 
not observe any evidence of ratcheting in our data.  

ε
max);,,( =Ωttt IaYV );,,,( Ωstttt eIaYu

ttttstttt dfIaeyYYYV εεεµ
ε

)();,,(,(( 1,1 Ω= ++∫
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Note that Ω contains all the parameters related to the agent’s preferences. The optimal 

effort at time t maximizes this state dependent value function.  

Telecaller effort response function: The effort response function for the telecallers is: 

cmmm ebkz ε+= 4         (12)   

where zm are appointments generated  generated by telecaller m, k4 is a scaling constant, 

bm is the ability of telecaller m, em is telecaller m’s effort, and εc ~ N(0,σm
2
 ) is an i.i.d 

shock in the response function for telecallers. 

Telecaller utility function: This is specified in a manner analogous to (10). Let wm be the 

wage for telecaller m, let rm be the coefficient of risk aversion for telecallers and cm be the 

cost of effort coefficient for telecallers. The corresponding period utility for telecallers is 

thus: 

U(wm)=E(wm)-r var(wm)-cmem
2
      (13) 

4.4 Estimation: We first estimate reduced form models for the pre-intervention phase. 

Regressing observed sales against characteristics of the agent (salesperson and telcaller), 

characteristics of the incentive scheme and distance to quota, we demonstrate that there is 

an acceleration in sales as salespeople approach quota. Subsequently, we use data from 

pre and post intervention periods to understand the overall ‘treatment effect’ on sales in 

the post intervention period. While our reduced form models serve to illustrate the nature 

of the incentive effect under different regimes, they do not allow us to estimate 

underlying parameters (specifically, coefficient of risk aversion and cost of effort 

coefficient for salespeople). Estimation of these parameters is required to compute the 

salesperson’s response to alternative compensation schemes which are not observed in 
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the data. Our structural estimation helps me to achieve these goals. There are two phases 

to the structural estimation: In the first phase we use data on observed sales, targets for 

each salesperson , details of the telecaller-salesperson link and observed characteristics of 

salespeople and telecallers, to estimate i) the effort policy function for the salesperson 

(effort as a function of distance to quota) ii) the salesperson’s coefficient of risk aversion 

and cost of effort coefficient. In the second phase, we use the pre and post intervention 

data on observed appointments, telecaller observed characteristics and telecaller 

incentives in the post-intervention phase, to estimate the cost of effort parameter for the 

telecaller.  

 The procedure begins with estimation of the parameters of the salesperson’s 

preferences, and the functions linking sales to effort. We proceed in a manner analogous 

to Misra and Nair (2008), utilizing the methodology for estimation of dynamic models 

outlined by Bajari et al. (2007). We assume effort
41

 to be a polynomial basis function of 

the state variables and use a minimization routine to minimize the distance between 

observed sales and sales predicted by the expected value of the right hand side of (9). We 

obtain the effort policy function and the time specific error distribution which is used to 

estimate the empirical distribution of ε. Note that estimation at this stage cannot identify 

the following parameters: i) telecaller ability separately from telecaller enforceable effort; 

ii) the salesperson’s risk aversion, and iii) the scaling constant in the salesperson’s cost 

function. We follow a four-step iterative procedure to estimate these parameters for the 

salesperson.  

                                                 
41

 We use a Chebyshev approximation of 4
th

 degree to estimate the effort response function. The key state 

variables of interest is ‘distance to quota’. 
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The second stage estimation procedure seeks to identify the salesperson’s risk 

aversion, and the scaling constant in the salesperson’s cost function. I carry forward from 

the first stage the estimated parameters of the effort policy function (and consequently the 

sales policy function) and the distribution of shocks obtained from the first stage. Given 

the first policy function, we then forward simulate the actions of agents to obtain the 

estimate ),);(ˆ,(ˆ Ω= ∑
=

− ψβ
τ

τ
tt

T

t

t sesuV of the value function at state s. Now if this is the 

estimated value function for an optimal effort policy function, then any alternative 

suboptimal value function should generate value function of less or equal value to the 

optimal value function. We simulate a suboptimal value function )( tse′ and obtain the 

corresponding estimate of the suboptimal value function ),);(,(ˆ Ω′=′ ∑
=

− ψβ
τ

τ
tt

T

t

t sesuV . 

We do this by perturbing the effort policy function from the first stage. For the purpose, 

we draw a deviation policy from a normal distribution with zero mean and variance equal 

to one fourth of the variance of the error distribution estimated from the first stage. We 

then find the parameter estimates that minimize the squared difference between the value 

functions i.e we find the value of the cost of effort and risk aversion parameters that 

solve: 

Vrc ′= ˆmin(arg)ˆ,ˆ( ),);(ˆ,( Ωψtt ses - ),);(ˆ,(ˆ Ωψtt sesV )
/
ψ V ′ˆ( ),);(ˆ,( Ωψtt ses -

),);(ˆ,(ˆ Ωψtt sesV ) 

                (14) 
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The complete estimation procedure, including the computation of our counterfactuals 

below, is summarized in Figure 2.  

 Identification: The key identifying assumptions that we use are: i) effort is a 

deterministic function of only the state variables, and ii) the salesperson conditions his 

choices upon the expected number of leads generated by the telecaller.  

The first assumption is justified by the fact that we have, to our mind, captured 

the relevant variables generating intertemporal variation in agent effort. The second 

assumption is reasonable because in our empirical context, each salesperson is linked to 

only one telecaller, and is well aware of the telecaller’s characteristics at the time of 

allocation of effort. Given these assumptions, identification comes from the fact that we 

have variation in distance to quota and have multiple observations on observed sales at 

different levels of distance to quota. Thus, the cost of effort coefficient is identified on 

account of the fact that we do not observe all the sales happening only in the last period, 

as would be the case if effort were costless. Further, there is a finite quantum of effort 

that is obtained in the region where the salesperson has achieved his quota and is earning 

incentive on every incremental unit of sale, and the constraint on effort in this region is 

driven by the convexity of the cost of effort function. In summary, the cost of effort 

coefficient is that coefficient which rationalizes the effort policy function. Risk aversion 

can be identified by the fact that due to differences in the productivity of effort and the 

distance to quota, we can have differences in the variance of wealth at the same level of 

effort. These differences are not driven by the cost of effort and serve to identify the 

coefficient of risk aversion.  
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Estimation of effort response function for telecaller: The second phase of our structural 

estimation uses the pre and post intervention data on appointments generated , observable 

telecaller characteristics and post intervention incentives, to identify the cost of effort 

coefficient for the telecaller and telecaller effort in the post intervention regime. 

Given the telecaller’s effort response function, we know how to analytically 

characterize telecaller effort for the pre (i.e., flat wage) and post (i.e., with a commission) 

regimes. Briefly, in the flat wage regime the telecaller will only provide enforceable 

effort, while in the commission regime the optimal level of telecaller effort for any given 

incentive plan has a precise analytical expression. Given these predicted effort levels and 

observed sales, we can use a minimum distance estimator to estimate the cost of effort 

coefficient and ability parameters for the telecaller, and subsequently compute telecaller 

effort in the post-intervention regime.  

Model Validation: The maximization problem for the telecaller yields estimates of 

telecaller effort in the experimental period (relative to the enforceable effort) and 

telecaller cost of effort. Using these estimates and our knowledge of the telecaller 

salesperson link, we can completely specify the effort response function for each 

salesperson. What this implies is best understood as follows: Consider again the effort 

response function for the salesperson : 

  

Our first stage estimation yields estimates for smm bebk1  and sbk2 . Recall that the first 

component captures the component of productivity of effort that depends on both 

telecaller and salesperson effort and the second component captures the component that is 

ssssmmis ebkbebky ε++= ))(( 21
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purely salesperson dependent. We also know the distribution of the shocks εs from our 

first stage estimates. For each salesperson, we thus know the productivity of effort. We 

do not, however, know the optimal effort. This is because the effort policy function 

obtained as a part of our first stage estimation is specific to a particular incentive policy 

regime and cannot be used to derive response to the monthly incentive used in the post-

intervention period.  

To address this issue, we estimate the optimal effort for each salesperson by 

simulating over 500 draws of the estimated shock, and computing the utility maximizing 

effort for each salesperson through numerical optimization using grid search methods. 

Note that the procedure followed here is analogous to the simulation used in our second 

stage estimation procedure, with two notable differences: 

a) In the earlier procedure, effort was known and we were trying to estimate the 

utility maximizing values of the cost of effort coefficient and the coefficient of 

risk aversion. In the current case, the cost of effort coefficient and coefficient 

of risk aversion are known and we are trying to find the utility maximizing 

effort. 

b) The earlier procedure involved dynamics while the current procedure 

computes optimal response to a monthly incentive scheme and does not 

involve dynamics. 

We then use these estimated efforts to compute expected sales for each 

salesperson. The sales revenue estimate thus obtained is compared with the realized 

sales, and serves as a validation check on our structural estimates. Note that we do not 
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use the post intervention data for the salesperson in any way in our counterfactual 

estimates. As a further check, we use the optimal efforts just estimated to make 

predictions on the number of salespeople who will achieve targets. Further validation 

comes from a comparison of this number with the actual observed target achievement in 

the data.  

Counterfactual computations: We perform two sets of closely related counterfactual 

analyses. The first counterfactual attempts to specify what the form of the compensation 

contract for telecallers and salespersons should be. We do this by ascertaining the relative 

importance of the various incentive components in affecting final output. This helps us 

answers questions such as: Should the firm incentivize telecallers, or is it better to pay 

telecallers a flat wage and redirect incentives towards salespeople? Having done this, in 

the second counterfactual we try to find the appropriate level of telecaller and salesperson 

incentives that maximize sales within the budgeted total expenditure (which is assumed 

to be unchanged from the expected total expenditure under the incentive configuration 

used in the experimental period)
42

. Here we try out various values for incentives – in 

doing so, we are guided by our results from the first counterfactual, as well as by 

constraints imposed on us by the firm, in terms of what levels they felt were reasonable 

for incentives. 

                                                 
42

 Note that for both counterfactuals, we first compute counterfactually the total expected incentive 

expenditure under the existing configuration. The existing configuration is a combination of a straight 

incentive for telecallers on leads, while for salespersons it is a bonus on achievement of target and a 

percentage of revenue beyond target. Note that the target for each salesperson is exogenous and is not a 

decision parameter to be considered. 
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Having described our empirical context and estimation approach, we now proceed 

to describe our data in greater detail, perform some preliminary reduced form analyses, 

motivate our structural analysis and describe the results of our structural estimation and 

counterfactual analysis. 

 

5. DATA DESCRIPTION AND RESULTS 

We observed monthly sales for 30 salespeople over 33 months [April 2007 to 

December 2009]. Salespeople enter during the observation period, our observations range 

from a minimum of 9 months to a maximum of 33 months of data for an individual 

salesperson. On average, we observe 22.4 months per salesperson. Recall 29 months were 

under an annual quota regime, while 4 months are from the monthly quota regime. Table 

1 provides some details of the incentive contracts. For telecallers, we observed leads 

generated by 15 telecallers over 8 months from May 2009 to December 2009, of which 4 

months are pre-intervention periods. 

We observed the telecallers’ fixed wages over the entire 33 month period, and we 

also observe the identity of the telecaller who gives leads to each salesperson. Details of 

the contracts offered to telecallers are provided in Table 3.2. Table 3.3 describes 

characteristics of this workforce, including tenure, fixed wage and percentiles of the 

annual quotas. Table 3.3 indicates that there is significant variation in quota across 

salespeople and this suggests that there are differences in territory size which we need to 

adjust for.  
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 Following Steenburgh (2008), in Table 3.4, we provide some preliminary 

evidence of the impact of quotas by examining sales patterns separately for salespeople 

who achieve and do not achieve the target at the end of the year. We report the proportion 

of annual sales by quarter, separately for salespeople who achieve and do not achieve 

targets. Note that there is a significant difference in final quarter sales for salespeople 

who achieve/ do not achieve targets. Clearly, there is an acceleration in sales for those 

who do achieve the target in the final quarter, versus a decelerating pattern for non 

achievers. The latter seem to drop off as they realize that they cannot hit the target for the 

particular year.  

We examine this more closely via the following regression model on the pre-intervention 

data: 

 yit= αi + β1* (targeti) + β2* (distance to quotait) + β3* (distance to quotait)
2
 + β4*(montht)   

 + ε                  (15)  

   

where yit is the sales of salesperson i in period t, targeti refers to the annual target for 

salesperson i, distance to quota is target minus cumulative sales for salesperson i at the 

beginning of period i expressed as a proportion of the relevant target, αi is a salesperson 

random effect.
 

Table 3.5 reports the results from this model. Note that the coefficient of distance 

to quota in the regression is negative, indicating that sales accelerate as the salesperson 

approaches quota. The positive coefficient on the squared distance to quota  further 

indicates that the acceleration is higher as one approaches the quota (second order effect). 
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The positive coefficient on target is also indicative of heterogeneity in size between sales 

territories.
 

 We also explore the impact of the experimental regime on sales. Table 3.6 gives 

us a sense of the ‘treatment effect’ for both sales and leads. We report the pre and post 

intervention sales and leads. Note that the increase in sales is significantly larger than the 

increase in leads. We use reduced form regressions to explore the impact of the 

intervention further. We regress sales against quarter dummies, target, and an indicator 

for the experimental period. We incorporate telecaller fixed effects and salesperson 

random effects. The results for this regression are shown in table 3.7. The  results indicate 

that the change in regime results in an increase of 2.24 units in the expected sales 

revenues. The dependent variable in this case is per period sales in  multiples of 100,00 

Rupees and the coefficient indicates that after controlling for seasonality and individual 

differences, introduction of the experimental regime leads to a sales increase of Rs 

224,000.  

In summary, our reduced form results indicate that there is an incentive effect due to the 

annual incentive, and that salespeople tend to readjust their effort as they approach the 

target or are far from it. Further, there is an incentive effect due to the intervention and 

the reduced form regression gives us an indication of the magnitude of this effect.  

5.2 Structural Estimation 

While useful in giving us some insight into salesperson and telecaller behavior, 

the reduced form results above do not yield estimates of key unobservables that drive 

salesperson and telecaller behavior, such as the salesperson’s or telecaller’s cost of effort. 
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As these unobservables drive the salesperson’s response to alternative compensation 

structures, our reduced form analysis cannot assess the impact of compensation plans 

which are not observed in the data. Our structural analysis estimates these and other 

unobservables, and facilitates the design of ‘better’ compensation plans through 

counterfactual analysis. 

We first present the results of the two-stage dynamic estimation procedure which 

yields i) the effort response function, ii) the cost of effort parameter, and iii) the 

coefficient of risk aversion. The effort response function (effort as a function of 

proportional distance to quota) is estimated using a fourth degree Chebyshev polynomial 

and reflects that effort starts low at the beginning of the observation period, increases 

gradually and then remains relatively flat. Subsequently as the salesperson exceeds 50% 

of quota, effort increases as he approaches the quota point and beyond. (The empirical 

specification of the effort policy function is similar to the specification used by Sudhir et 

al. (2009).) We do not report the Chebyshev polynomial coefficients, as these do not lead 

to any meaningful interpretation, but report the estimated effort at different levels of the 

state variable in Table 3.8. Additionally, Figure 3 plots estimated effort as a function of 

distance to quota.       

            An additional statistic of note from our first stage estimates in Table 3.8 is that on 

average, 25.3% of sales is affected by the telecaller’s effort. Note that at this stage we 

cannot separate telecaller ability and enforceable effort and this proportion is thus 

specific to the current policy, where telecallers are paid a flat wage. Also note that while 

we do accommodate differences in ability across salespeople, we do not allow for 
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heterogeneity across agents in the effort response function. However, this does not seem 

to be a large concern in this case as our first stage regression is able to explain 74.7% of 

the total variation in sales. 

Table 3.9 reports the second stage estimates of the coefficient of risk aversion and 

the cost of effort coefficient for the salesperson. Our estimates of the risk aversion 

parameter are in line with estimates obtained in other studies. (Misra and Nair (2009) use 

a very rich data set at the individual salesperson level to estimate the coefficient of risk 

aversion agent by agent and derive estimates ranging from 0.0018 to 0.33. Sudhir et al. 

(2009) get a value of 0.0001.) Our estimates of the cost of effort parameters also seem 

intuitively reasonable. 

We next turn to estimation for telecallers of the cost of effort parameter and the 

impact of incentives in the experimental period. Note that in the pre experimental period, 

the telecaller provides the minimum enforceable effort, while in the experimental period 

the telecaller’s effort can be described by max(e*, e) where e* is the optimal response to 

the incentive and e is enforceable effort. The optimal effort e* can be computed by 

solving the incentive compatibility condition for the telecaller. The analytical expression 

for e* is as follows: 

cbe /* α=          (16) 

where α is the incentive per lead generated, b is the ability of the telecaller and c is the 

cost of effort coefficient.  

We use a non linear least squares regression with the number of leads as the 

dependent variable to solve for the cost of effort coefficient. Note that e* is agent specific 
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because ability is agent specific. Also note that we cannot separately estimate ability and 

enforceable effort in the pre-experimental period, and normalize the enforceable effort to 

unity. The e* that is computed is thus a ratio of the effort in the experimental period to 

the effort in the pre-experiment period, and averaged over all telecallers, provides a direct 

measure of the incentive effect. The model that we estimate is as follows: 

 zi= (preindici)*(bi)*e+(postindici)*(bi)*α*(bi)/c 

Where zit refers to the leads generated by telecaller i in period t, preindic is an indicator 

whih is 1 if the period in question is in the pre-intervention phase and zero otherwise, 

postindic is an indicator which is 1 if the period in question is in the post intervention 

phase and zero otherwise, bi refers to the ability of agent i, and is modeled as a linear 

combination of agent specific observables, α is the incentive on leads in the post-

intervention period, and c is the cost off effort coefficient for telecallers. 

Table 3.10 reports the results from the non-linear least squares regression. We 

also compute the mean incentive effect from this regression. The mean incentive effect is 

given as ((Mean effort levels in experimental period/ mean effort level in pre-

experimental period)-1)*100.  

5.2.1 Validation: We now compute the response of each salesperson to the incentive in 

the experimental period. Note that this implies computing the revised effort response 

function afresh for each salesperson, depending on the specific salesperson-telecaller 

link. To explain briefly, the effort response function for the salesperson in the pre-

experiment period can be described as 22211 akaaky += , where k1 is a constant which is 
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specific to the salesperson telecaller combination, k2 is a salesperson specific constant, a1 

is the telecaller effort and a2 is the salesperson effort.  

Recall that our first stage estimates assume that the salesperson conditions effort 

on the expected number of telecaller leads. The expected number of leads in turn is a 

product of telecaller ability, a proportionality constant, and enforceable effort. Thus if a1 

is the enforceable telecaller effort and k1 is the product of a proportionality constant and 

telecaller ability, estimation in the first stage cannot separate k1 and a1, so what we have 

is an estimate of k1a1.  

Now let a1
* 

be the effort provided by the telecaller as a consequence of the telecaller 

incentive. Note that since the expression for effort in (16) depends on telecaller ability, 

this effort is telecaller specific. As before, we assume that the salesperson conditions his 

effort on the expected number of leads generated by the telecaller. This implies that the 

salesperson knows the relevant parameters for the telecaller, and expects the lead 

generation in the experimental period to be k1a1
*
 . Since our first stage estimates already 

yield an estimate of k1a1, we require an estimate of a1*/a1 which we obtain from the pre 

and post experimental data for the telecaller. It is not possible to do this without variation 

in telecaller incentives, or estimation of the cost of effort coefficient for the telecaller. 

While the effort policy function in the pre-experimental period gives us the expression 

for the effort as a function of the state variables, this is specific to an annual incentive 

policy where there is month to month variation in distance to quota. For the salesperson, 

we have a monthly quota in the experiment period. The effort policy function which is 

specific to a particular annual incentive policy cannot be adapted to this regime. However 



116 

 

salesperson ability and salesperson cost of effort and risk aversion parameters obtained 

from our two-step dynamic estimation procedure are ‘policy invariant’. We use these 

parameters and the utility function described earlier, incorporating the change in 

telecaller contribution described earlier, and find the optimal effort levels for each 

salesperson in response to the new quota scheme.  

Specifically, each salesperson selects his effort level to maximize his utility in response 

to the offered incentive i.e the salesperson chooses his effort to maximize his expected 

utility: 

))(())((var())((()( 2

ttttt eceywreywEtu −−=     (17) 

Where tt tekteaky ε++= )()( 2

*

11       (18) 

is the salesperson’s sales in period t, k1 is a constant which is specific to the salesperson 

telecaller combination , k2 is a salesperson specific constant and tε  is a shock which is 

i.id across salespeople and time. The empirical distribution of the shock is identical to 

that obtained from our first stage estimates. The estimate of the coefficient of risk 

aversion r and the estimate of the cost of effort coefficient c are obtained from the second 

stage estimates using the pre-experiment data. We can also characterize the nature of the 

wage earned for a given level of sales yt for a specific salesperson as follows: 

Let Qt be the salesperson’s quota, Bt be the bonus on reaching the quota, and αt be the 

incentive on sales beyond quota, then a salesperson earning a fixed wage βt has a total 

wage: 

βt  if yt < Qt, or βt + Bt + αt(yt-Qt) if yt >= Qt     (19) 
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We perform a grid search over the range of feasible efforts to find the effort level that 

maximizes utility at an agent by agent level. For each effort level we simulate over 500 

draws from the empirical error distribution, obtaining an estimate of yt and a 

corresponding estimate of wt. We then average over the draws to get the mean and the 

variance of the expected wealth for each effort level. This enables us to then compute the 

utility for the agent at a particular level of effort. Our grid search yields the utility 

maximizing effort level. Corresponding expected sales and total wage levels can then be 

determined from (18) and (19). 

Table 3.11 gives the estimated sales from our computations. We compare this 

with the actual sales in the experimental period. We find that the experiment leads to an 

average sales increase of 166,000 Rs./period over the period of observation i.e from Rs 

785,000 in the pre-experiment period to estimated sales of  Rs. 951,000 in the 

experimental period. Our counterfactual estimates are reasonably close to the actual 

observed figure of Rs. 1,040,000 in the experimental period.
43

 We also compare our 

predictions of target achievement with actual data over the observation period. We do this 

by comparing our predicted values of sales at salesperson level with targets, and using 

this as our prediction of salesperson target achievement. Note that our predictions are 

based on expected sales alone and do not incorporate period specific shock realizations. 

We compare our predictions with actual target achievement. We find that our 

counterfactuals predict target achievement on 77.5%  of the occasions. While this seems 

fairly satisfying, it is hard to interpret this in the absence of a benchmark. 

                                                 
43

 Note that observed sales are after corrections for seasonality. 
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5.2.2 Counterfactuals: We perform two counterfactuals, which can be loosely thought of 

as  respectively dealing with the form and the level of incentives offered. 

Counterfactual #1. We wish to obtain a sense of the relative impacts of the telecaller 

and salesperson incentives. Note that the combined effect of two components of an 

incentive plan cannot be completely separated, because in many cases, the joint impact is 

actually smaller than the impact of each component acting in isolation. However, 

considering elements in isolation may give an indication of the ability of that component 

to influence effort in the specific instance.  To do so, we evaluate response to the 

following combinations: 

a) No telecaller incentive, salesperson bonus and salesperson incentive beyond target 

kept at current levels (post-intervention levels). 

b) Telecaller incentive as in the post intervention phase; salesperson bonus at current 

level; no salesperson incentive beyond target. 

c) Telecaller incentive as in the post intervention phase; salesperson incentive 

beyond target at current level; no salesperson bonus. 

Similar to the validation exercise above, we use the appropriate effort response function 

(the telecaller component of the effort response function will vary, depending on the 

presence or absence of a telecaller incentive), and then perform a grid search for the 

optimal effort levels for each salesperson in response to the incentive program of interest. 

Table 3.11 compares the results under these alternative combinations. It is interesting to 

note that incentives have a different impact in our two-stage processes than they would 

when viewed in isolation. For instance, the incentive effect of the telecaller incentive is 
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roughly 4.3% (this is computed by evaluating the sales with and without the telecaller 

incentive as a proportion of the sales before the intervention (i.e (9.51-9.15)/7.85) in 

Table 3.11) ; however, the pure impact of the telecaller incentive on salesperson 

productivity is only 1.8% (this is computed by computing the average increase in 

salesperson productivity due to increased telecaller effort alone)  . In words, the increase 

in final output due to the incentive on the intermediate task is larger than the increase due 

to intermediate effort alone. The intuition for this is that with complementarity between 

efforts, incentives on the intermediate task not only raise the effort on that task, but also 

increase the productivity of efforts on the final task.  

Interestingly, in our setting, this dual incentive is not strong enough to suggest 

that the firm should incentivize the intermediate task. This is due to two factors: i) the 

relatively low degree of complementarity between the two efforts (over 70% of sales 

depend purely on the final efforts and do not rely on the intermediate efforts), and ii) the 

fact that a reasonable degree of effort on the intermediate task can be obtained by paying 

a flat wage and monitoring effort. This result ties in well with the observed empirical 

regularity (Fehr et al. 2009) that in many cases where firms enter into long term contracts 

with employees, we do not observe incentive contracts despite the presence of 

contractible output measures. The reason is that it is possible to pay a flat wage and 

achieve a non minimal level of effort with an implicit contract (Macleod and Malcolmson 

1989).  

Table 3.11 reveals that an incentive program with a telecaller incentive and a 

bonus on target achievement leads to a sales increase of Rs. 66,000 or around 8.3%(Rs. 



120 

 

851,000 relative to 785,000). Compare this with the impact of an alternative program 

with the telecaller incentive, no bonus and an incentive on achievement beyond target. 

The sales increase in this case is of the order of Rs,125,000 or 15.1% (Rs. 910,000 

relative to Rs. 785,000).  Thus we see that in this case, the incentive on sales beyond 

target seems to have a much stronger impact than the bonus, in terms of incentive effect. 

This gives us an intuitive sense of the direction in which we may like to modify the 

incentive program. 

Counterfactual #2. The focal firm wished to have us design an incentive program for 

them. The objective was to come up with a plan that would increase sales over the current 

plan, without exceeding the level of expected monthly incentive spending of the current 

plan. It is important to point out the constraints on the possible incentive programs that 

the firms wished us to try out. For example, while our analysis suggests that one could 

enhance sales performance by suitably modifying salesperson level targets, this option 

was not amenable to the firm. In their assessment, the selection of targets was best left to 

managers who knew what was best for a particular territory and had current knowledge of 

local market conditions. Further, both the firm and the salespeople were very happy with 

the switch to a monthly incentive, and this was an element that they were keen on 

retaining. Finally, the firm did not want to increase the complexity of the scheme – in 

particular, they wanted to stay with round numbers, which made it easy for an individual 

salesperson to assess and compute his sales. The analysis that we perform therefore does 

not aim to uncover the optimal incentive design, but merely to produce a design that 

outperforms the current incentive program without increasing the spending.  
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We evaluated the following alternative combinations:  

a) No telecaller incentive (which is the current scenario).  

b) Four bonus levels for the salesperson: Zero, Rs. 2000, Rs. 4000, Rs. 6000.  

c) Three levels of incentive over target for the salesperson: Zero, 0.6%, 1%.  

We first compute the total expected wage for our base case (telecaller: fixed wage + 

incentive; salesperson: Rs. 4000 bonus + 0.6% incentive). We then proceed as before for 

each condition, simulating over the error distribution for each salesperson and performing 

a grid search to find the optimal effort. We reject those cases where the expected 

spending is beyond our budget, and report only those cases where the expected spending 

is less than or equal to the budgeted spending. The analysis is reported in Table 3.12. 

Consistent with our first counterfactual, we find that holding other elements 

constant if we reduce the bonus from Rs.4,000 to Rs. 2,000 , sales decrease only 

marginally (from Rs 951,000  to Rs. 950,000). Conversely, if we increase the incentive 

from 0.6% to 1%, holding the bonus at Rs 2,000 and eliminating the telecaller incentive, 

we can achieve a sales increase of Rs 211,000( Rs. 996,000 relative to Rs. 785,000) 

which is an increase of 5% over the current scheme (Rs. 996,000 relative to 951,000). 

Given that we are able to save by trimming less effective components of the program, this 

sales increase is achieved without an increase in expected compensation. Our results 

suggest that an incentive program which offers a lower bonus and a higher percentage 

incentive above the target will outperform the current program by around 5% without 

increasing the expected spending. This constitutes a significant sales benefit to the firm. 

Our analysis is consistent with an insight from our analytical model i.e. that when the 
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degree of substitutability of efforts is high, it is often not desirable to incentivize the 

intermediate task. Our study also corroborates earlier findings on inefficiencies induced 

by long term quota plans and suggests that short term quotas are an effective way to 

overcome these inefficiencies. In our concluding section, we discuss some limitations of 

our study, and suggest avenues for future research. 

 6. DISCUSSION AND CONCLUSION 

To the best of our knowledge, this is the first paper in marketing to empirically 

explore the design of incentive systems for two stage sales processes. We use a unique 

contribution of a structural model and a field experiment to achieve this. In doing so, we 

provide a generalizable methodology that can be applied to incentive design in these 

settings. 

 We find that incentives on the intermediate task have two effects on final output: 

i) an expansion of output through an enhancement of productivity of the effort on the 

final task ii) expansion of output through shifting of the optimal effort on the final task, 

as a consequence of increased productivity of effort on the final task, without any impact 

on the cost of effort coefficient.  

Theoretically, a high degree of complementarity of efforts in the effort response 

function for final outputs makes it useful to incentivize the intermediate output. 

Interestingly, in our setting, it is better to pay flat wages for the intermediate task. This is 

a consequence of a) the relatively low degree of complementarity (relative to 

substitutability) between efforts in the final effort response function. b) The quantum of 

enforceable effort on the intermediate task.  
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We are able to shed light on the commonly observed phenomenon that in many 

cases within organizations incentives are not used despite explicit contractible output 

measures being available. Using monitoring mechanisms to force a non zero level of 

effort with a fixed wage is a practical alternative to incentives (Fehr et al, 2009).  

Our findings reinforce the quota literature in that inefficiencies induced by quotas (due to 

agents readjusting effort after observing their state variables) can be mitigated by moving 

to shorter term incentives. 

Limitations  Limitations include a relatively small workforce, and assumed homogeneity 

in the dynamic effort policy function across agents. While it is reassuring that our first 

stage estimates fit the data well, this is a shortcoming.  

We ignore ratcheting i.e., the practice of the firm systematically increasing the 

next period targets for over achieving salespeople because of any compelling evidence 

for this behavior in my setting. Over our observation period, targets are either held 

relatively constant or increased across the board (and do not vary by  achieving versus 

under achieving salespeople), suggesting that target revisions are made more as a 

response to anticipated market conditions and not as a reaction to salesperson 

performance. This is also supported by the estimated effort response function and the 

observed sales patterns. There is no evidence of salespeople holding back effort after they 

have crossed the target.  

Another possibility is side payments by salespeople to telecallers. The managers 

of the focal firm assured us that this not the case. Further, if side payments were to be 

present, and we were to look at annual sales and leads, we would expect to find a bump in 
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lead generation in the final months of the year for telecallers assigned to salespeople who 

are poised to achieve targets in that year. While we have limited data on this, exploration 

of the data for a few telecallers indicates that this is not a significant phenomenon in our 

context. 

Areas for further exploration: There are two interesting areas for further exploration. One 

is the suggestion that appropriate design of targets is an important part of incentive 

design. This suggests that investment in better sales forecasting techniques can be an 

alternative to enhanced incentives. We currently do not have the size or richness of data 

to completely analyze this issue. Further, this seemed to be a sensitive issue within the 

focal firm as reduction/enhancement of targets seems to raise fairness concerns which 

detract from performance and the firm did not want us to explore this aspect of incentive 

design. Also, our setting allowed us to abstract away from quality/quantity issues in the 

intermediate output, primarily due to controls that the firm has in place for classifying an 

‘acceptable lead’. We recognize, however, that is an important issue in many such 

settings, and is a profitable area for future exploration. 

With respect to the specific sales process that we consider, one of telecalling 

followed by a face to face visit, we note that this is a widely present process in direct 

sales across the globe. In emerging markets in particular, this is seen in a wide variety of 

industries including cellular phone services, consumer finance, credit cards etc. One 

feature of our study that facilitates estimation is that in our setting each salesperson 

receives leads from one telecaller only. The link between telecallers and salespeople is 

thus precisely determined. In many other salesforce settings, leads generated may 
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accumulate into a common pool and then be randomly allocated to salespeople. In such 

settings, it would be necessary to model the lead allocation process separately. This is 

another area for profitable exploration. 

 An area of exploration that we do not consider is the possibility of incentivizing 

both salespeople and telecallers on final outputs. This was not attempted because a) we 

do not observe such contracts b) without observing these contracts, counterfactuals would 

require explicit assumptions about the nature of ‘gaming’ behavior by salespeople and 

telecallers. In our context, managers at the focal firm were reluctant to consider these 

contracts because of the possibility of ‘free riding’ by the telecaller on the efforts of the 

salesperson. These fears were ratified by our estimates, which suggest that over 70% of 

sales are driven by salesperson effort alone. 

 In conclusion, we note that our study finds ‘better’ plans that meet the firm’s 

budget constraint, but does not go about determining an optimal plan using non linear 

incentives. This is an important and computationally laborious task, and we leave this 

task for future research in this area. 
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TABLE 3.1-Description of Contracts Used For Salespeople. 

 

        Period Contract 

Description 

Bonus on 

reaching target 

Commission 

on growth 

beyond target 

Comments 

April 2007-

August 2009 

Percentage of 

revenue on 

sales beyond 

annual target 

Nil 1% Annual targets, 

payouts only 

after year end 

September-

December 2009 

Bonus plus 

percentage of 

revenue on 

sales beyond 

monthly target 

Rs. 4000. 0.6% Monthly targets, 

committed in 

advance at 

beginning of 

period,payout 

within 45 days 

of month 

closing 
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TABLE 3.2: Description of Contracts Used For Telecallers 

 

Period Contract 

description 

Bonus Commission on 

leads 

Comments 

April 2007-

August 2009 

Flat wage Nil Nil Only 

enforceable 

effort is 

obtained. 

September-

December 2009 

Flat incentive 

on every lead 

generated, no 

target 

Nil Rs. 100 Per 

generated lead. 

No targets, 

payouts made at 

end of  every 

month, 

monitoring in 

place (so 

enforceable 

effort or more is 

obtained from 

every telecaller) 

 

 

TABLE 3.3 –Descriptive Statistics for Salespeople 

Number of 

salespeople 

Average 

tenure 

(months) 

Average fixed 

wage(Rs/month) 

Average 

target(Rs. 

’00,000) 

10
th

 

percentile 

target 

90
th

 

percentile 

target 

30 33.6 38142 115.6 50.0 175.0 

 

 TABLE 3.4-Quarterwise Sales Pattern For Achievers and Non Achievers 

Type 1
st
 Quarter 2

nd
 Quarter 3

rd
 Quarter 4

th
 quarter 

Achievers 23.1% 23.4% 19.5% 33.1% 

Non achievers 33.9% 25.2% 27.7% 13.2% 
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TABLE 3.5-Relationship of Sales With Distance To Quota-Pre-Intervention 

Dependent variable- Monthly Sales in ’00,000 Rs. 

 

Independent variable Coefficient (standard error) 

Target .08***(.005) 

Distance to quota -6.39**(3.13) 

(Distance to quota)
2 

1.09(3.17) 

Constant 3.27**(1.14) 

 

1. Adjusted R-squared-54.92% 

2.  ***(p<.01), **(p<.05),*(p<.1) 

 

 

TABLE 3.6: Observed ‘Treatment Effects’ Due to Intervention 

 

Variable Pre-intervention Post-intervention Percent increase 

Sales 7.85 10.43 32.87% 

Leads 12.09 10.37 16.67% 

 

 

TABLE 3.7: Incentive Effect Due to Regime Change 

 

Dependent variable- Monthly Sales in ’00,000 Rs. 

 

Independent variable Coefficient (standard error) 

Target .07***(.02) 

Regime change 2.18**(1.03) 

Constant 4.41**(3.84) 

 

1. Adjusted R-squared-45.03% 

2. ***(p<.01), **(p<.05),*(p<.1) 
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TABLE 3.8: Estimates From First Stage Reduced Form Regression 

Parameter  Estimate (Standard error) 

Mean proportion of sales which is 

telecaller dependent 

.253**(.128) 

Effort at distance to quota=1(beginning 

of observation period) 

.321***(.104) 

Effort at distance to quota=.75 .532***(.174) 

Effort at distance to quota=.5 .544***(.187) 

Effort at distance to quota=.25 

 

.867***(.276) 

Effort at distance to 

quota=0(salesperson meets quota) 

1.563***(.368) 

 

1. Adjusted R-squared-74.7% 

2. ***(p<.01), **(p<.05),*(p<.1) 

 

TABLE 3.9: Estimates From Second Stage 

 

Parameter Value 

Coefficient of risk aversion (r) .01**(.004) 

Cost of effort(Rs/unit
2
) 1920***(32.31) 
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TABLE 3.10: Telecaller Parameters From Nonlinear Least Squares 

Estimation 

 

Dependent variable: number of leads generated 

 

Parameter Coefficient 

Cost of effort  

coefficient(Rs./unit
2
) 

1204***(35.12) 

Telecaller fixed wage .0005***(.00003) 

Telecaller experience .449(.317) 

Mean Incentive effect for 

 telecallers 

7.4% 

 

1. Adjusted R-squared-87.9% 

2. ***(p<.01), **(p<.05),*(p<.1) 

 

TABLE  3.11: Estimated Sales Under The Monthly Sales Incentive 

 

Description of condition Average sales/salesperson in Rs. 

’00,000. 

Actual sales in experimental period 10.4 

Estimated sales: telecaller incentive, 

bonus of Rs. 4000 On target 

achievement, .6% incentive beyond 

target 

9.51 

Estimated sales: no telecaller incentive, 

bonus of Rs. 4000 On target 

achievement, .6% incentive beyond 

target 

9.15 

Estimated sales: telecaller incentive, 

bonus of Rs. 4000 On target 

achievement, no incentive beyond 

target. 

8.52 

Estimated sales: telecaller incentive, no 

bonus on target achievement, incentive 

of 0.6% on sales beyond target. 

9.1 

Observed sales in pre-experiment 

period. 

7.85 
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TABLE  3.12: Estimated sales and total compensation under alternative 

incentive plans 

 

Description of condition Average sales/salesperson in 

Rs. ’00,000. 

Expected wage bill 

(fixed salary plus 

incentive) 

Estimated sales: telecaller 

incentive, bonus of Rs. 

4000 On target 

achievement, .6% 

incentive beyond target 

9.51 Rs. 806,400 

Estimated sales: no  

telecaller incentive, bonus 

of Rs. 2000 On target 

achievement, 1% incentive 

beyond target 

9.96 Rs. 806,400 

Estimated sales: no 

telecaller incentive, bonus 

of Rs. 4000 On target 

achievement, 1% incentive 

beyond target. 

9.84 Rs. 789,600 

Estimated sales: telecaller 

incentive, bonus of Rs. 

2000 On target 

achievement, .6% 

incentive beyond target. 

9.50 RS. 788,400 

Estimated sales: telecaller 

incentive, no bonus on 

target achievement, 

incentive of 0.6% on sales 

beyond target. 

9.1  

Observed sales in pre-

experiment period. 

7.85  
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  FIGURE 3.1a: Sales Pattern : When Salesperson Exceeds Quota 
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 FIGURE 3.1b: Sales Pattern : When Salesperson Fails To Reach Quota 

 

 

 

 

 

 



134 

 

 

 

1. First stage estimation: Data used: Information on realized sales, 

salesperson and telecaller characteristics and salesperson quota. Outputs: 

effort policy function: effort as a function of distance to quota 

 

2. Second stage estimation: Data used: Effort policy function from first stage, 

distribution of shocks estimated from first stage, observed sales and quotas. 

Outputs: coefficient of risk aversion, cost of effort coefficient 

 

 

3. Estimation of telecaller cost of effort: Data used: Leads generated at 

telecaller level in pre and post intervention phases, incentives in post 

intervention phase,telecaller characteristics. Output:Telecaller cost of effort 

coefficient 

 

4. Counterfactuals 1 and 2: Estimation of response to alternative monthly 

incentive plans. Outputs : for each plan, total sales and corresponding 

compensation cost incurred by the firm 

 

FIGURE 3.2: Steps In Estimation Procedure 
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FIGURE 3.3: Effort as a Function of Distance To Quota 
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TECHNICAL APPENDIX ESSAY 1 

Proof of Proposition 1 

The firm solves the following problem: 

( , )
, ,
Max R s g s

g
α β

α β
 − −       (TA1) 

subject to  02/)(2/ 222 =+−−+ gsrs ασβα     (TA1a) 

The agent solves: 

2 2 2/ 2 ( ) / 2Max s r s g
s

α β σ α + − − +      (TA2) 

The first order condition yields gs +=α     (TA3) 

Using (TA2) and (TA3) to simplify (TA1), we get the firm’s problem as: 

2 2( , ) ( / 2)(1 )
,

Max R g g r
g

α α σ
α

− − +       

subject to 0, 0, *g g g gα − ≥  ≥  ≤       

We construct the Lagrangean:  

)*()()1)(2/(),( 22 ggggrggRL −++−++−−= θλαµσαα     

Differentiating with respect to α and g, we get: 

)1/(),(0/ 2σααα α rggRL +−=⇒=∂∂     (TA4) 

We also have  

0),(0/ =−+−−⇒=∂∂ θλµα ggRgL g     (TA5) 
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As such, 2( ,0) /(1 ), 0R r gαα α σ= +   =  is a feasible solution
44

 to the maximization 

problem which satisfies (TA4) and (TA5). For this solution to be feasible, given (TA5), 

the revenue function has to be decreasing in g at this point. Rg(s, g) is decreasing in g, 

which rules out any larger value of g being a feasible solution. 

 At higher values of g, the convex function implies a higher cost of effort on the 

measurable task. Therefore the same level of effort on the measurable task will require a 

greater incentive if a non-zero level of effort on the non-measurable task is required. The 

optimal solution in this case is: 

2 2 2 2 2( ,0) /(1 ), 0, ( ( ,0)) (1 ) / 2(1 )R r g R r rα αα α σ β α σ σ= +   =   = − +   (TA6) 

Proof of Proposition 2 

The firm maximizes expected revenues  as follows: 

βαβα −+−+ )(),(),(,, sbgsRgbRMax g     (TA7) 

subject to CE=0        (TA7a) 

The firm can adjust the value of the fixed wage to ensure that the agent’s payoff is just 

equal to the reservation payoff, thus, the agent’s problem is:  

2 2 2( ) / 2 ( ) / 2Max b s r s g
s

α β σ α + + − − +      

subject to CE=0        

The first order conditions on the agent’s certainty equivalent utility yield: 

gs +=α         

Substituting back into the principal’s revenue function, we get 

                                                 
44 This follows from the fact that α = s+g and our assumptions on the relative importance of tasks. The firm cannot be 

strictly better off by increasing g at the expense of s starting from (α, 0) as it would violate our assumptions. 
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2 2( , ) ( , ) ( / 2)(1 )
,

Max R b g R g g r
g

α α σ
α

  + − − +      

subject to 0, 0, *g g g gα≥   − ≥   ≤        

As before, we construct the Lagrangean: 

)*()()1)(2/(),(),( 22 ggggrggRgbRL −++−++−−+= θλαµσαα   

Differentiating, we get: 

)1/(),(0/ 2σααα α rggRL +−=⇒=∂∂     (TA8a) 

0),(),(0/ =−+−−+⇒=∂∂ θλµα ggRgbRgL gg    (TA8b) 

The first term on the RHS of (TA8b) is increasing in g for positive values of  baseline 

demand, but we have seen in the earlier case that the second term is decreasing in g 

.Consequently, the optimal value of g and the optimal value of α will depend on the value 

of b.  

Low : ( ,0) ( ,0) ( , ) ( , ) 0b R b R R b g R g g gα α θ+ ≥ + −    ∀ >    (TA9a) 

The contract for this location is: 

 2 2 2 2 2( ,0) /(1 ), 0, ( ( ,0)) (1 ) / 2(1 )R r g R r r bα αα α σ β α σ σ α= +   =   = − + −  (TA9b) 

The agent’s choice of effort on the measurable task is α. 

Moderate ,0),(),(: =−+ ggRgbRb gg α for 0 *g g < ≤                     (TA10) 

The contract for this location is: 

2**, ( ( **) **, **) /(1 )g g R g g g rαα α σ=   = − + , br αασβ −−= )2/)(1( 22  (TA10b) 

The agent’s choice of effort on the measurable task is gα − . 

High b: g**(b) = α(b) 
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It is not desirable to induce any effort on the measurable task, so α = 0, and the firm’s 

problem is 2( , ) / 2Max R b g g
g

 − . In this case, we get g = g* or g: Rg(b,g )= g  whichever 

is lower, and β=g
2
/2. 

The contract for this location is: 

 α = 0,  g > 0, β = g
2
/2      (TA11)  

Proof of Proposition 3:Customers Signed Up  

For type m, )0,(),( mmgmmmmg bRggbR αα +<−+ . This follows because the LHS is zero 

for the optimal g for type m units, and the RHS is required to be positive for the firm to 

contract for any positive g (note that mmm gs −= α ). 

For type l, llg bR α+( ,0) is zero or negative (note that ll s=α ). This implies that  

0),( ≤+ mllg gbR α  given the concavity of the revenue function in g. This implies that

),(),( mllgmmmmg gbRggbR αα +≥−+ . This is equivalent to  

)()()),(()),(( lmmlgmmg yEyEgyERgyER ≥⇒≥      

For type h, we know that at the upper limit of the m types, we have 

),(),(
******

mmmmgmmg ggbRgbR −+= α  where the asterisk denotes values at the limiting 

value of type m. 

Since the optimal g is increasing in baseline demand for type m (under the 

condition that all three types of units co-exist), the concavity of the revenue function in g 

implies that for all type m, we will have: 

),(),(),(
*****

mmmmgmmmmgmmmmg ggbRggbRggbR −+≤−+≤−+ ααα .  
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This in turn implies that mmmmmm gbgb −+≥−+ αα ***
. Since bm* is the lowest possible 

value of baseline demand for type h, )()( mh yEyE ≥ . We therefore get the following 

result for expected customer acquisition:  

)()()( lmh yEyEyE ≥≥                   (TA12) 

Proof of Proposition 4: Revenue Predictions 

We turn our attention to expected revenues from each acquired customer, which is 

expressed as R(E(y), g)|y=1. When types l, m and h co-exist, we can order the contracted 

effort on the non-measurable task as gh  > gm  > gl . In this case, we know that revenue is 

increasing in g for non zero values of expected customer acquisitions, so we get:  

(R(E(y), g)|y=1)h > (R(E(y), g)|y=1)m  > (R(E(y), g)|y=1)l.                  

It follows that total expected revenues will be ordered a follows:  

R(E(y), g)h > R(E(y), g)m > R(E(y), g)l                (TA13) 
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TABLE TA1: Model Predictions Under Alternative Assumptions 

 

Assumption α G 

Costless contracting for  effort 

on the non-measurable task up 

to g* (our model) 

αl, αm >0 

αh=0 

gh, gm >0 

gl=0 

Costless contracting for total 

effort up to t* (HM) 
αl >0 

αm, αh=0 

gh, gm >0 

gl=0 

Both tasks imperfectly 

measurable 
αl, αm >0 

αh=0 

gh, gm >0 

gl=0 

 

Note: Under the assumption that both tasks are completely measurable, equal 

commissions on both tasks would be paid for type m units. The commission on output 

from the non-measurable task is not specifically mentioned, as it feasible only under the 

assumption of both tasks being imperfectly measurable. In the case where we desire 

efforts on both tasks, and both tasks are imperfectly measurable, commissions on both 

tasks will have to be equal. 

 

TABLE TA2: Model Predictions with Revenues as R(s, g) = s(1+g) 

 

Type Baseline Demand α G 

L 2 2

/(1 )b r rσ σ≤ +  2

1 /(1 )rα σ= +  0 

M 2 2 2 2

/(1 ) (1 ) /r r b r rσ σ σ σ+ < < +  2

(1 ) /1g rα σ= + +  2 2 2

( (1 ) - ) /(1 2 )b r r rσ σ σ+ +  

H 2 2

(1 ) /b r rσ σ>= +  0 b or g* 
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Proof of Results in Table TA1  

 

1.  Under the alternative cost function used by HM, 1991 

HM assume that the agent derives intrinsic utility from providing a base level of total 

effort, and it is thus possible for the principal to costlessly extract a base level of total 

effort . Formally this may be stated as follows: 

0)(' <tc  ≤t  t , 0)( =tc .         

It is also assumed that the cost function is convex for any level of effort above this base 

level of effort. The assumption that efforts are perfectly substitutable in the agent’s cost 

function continues to hold. The implications of this assumption for our problem are that 

the principal can always extract a base level of total effort without paying any incentive. 

However, on payment of any positive incentive on the measurable task, all effort will be 

diverted to the measurable task. The principal is thus left with two choices: pay incentive 

on the measurable task and focus only on that task, or pay flat salaries. If the principal 

pays flat salaries, the agent is indifferent between efforts on the measurable and non-

measurable tasks up to t , and the principal can decide the relative allocation between 

these two efforts, subject to a total achievable effort of t . 

 

We begin by considering the zero baseline demand case, and assume that the profits 

obtained by providing an incentive in this case are greater than the profits obtained by 

paying a flat salary and asking only for effort on the measurable task. Note that at zero 
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baseline demand, the principal will never benefit by asking for a non zero value of g, 

because  

gsggsRsR ,),()0,( ∀−≥ . 

We assume that the principal can extract a higher profit and higher level of effort on the 

measurable task at b=0 by offering an incentive contract. We also know from the earlier 

analysis that if we assume that the agent’s convex cost function is given by  

ttttc >∀= 25.0)( , 

We can derive an expression for the two efforts as follows: 

srR =+= )1/()0,( 2σαα α  and the condition for the incentive to be offered is as follows: 

Define ),,( gβαπ as the expected firm profits as a function of the variable incentive α , 

the fixed wage β , and the level of effort on the non measurable task required by the firm.  

Define )1/()0*,(*:* 2σααα α rR += , then incentives will be offered at zero baseline 

demand iff )0,0,0()0,*,( πβαπ > . This condition is required for the problem to be non 

trivial, because if this is not true, it is always optimal for the firm to pay a zero wage and 

demand an effort level t . 

Note that at higher baseline demand levels, a non zero level of g will be demanded iff 

)0,*,(),0,0( βαππ ≥g for some .tg ≤ This leads to the results shown in Table 10 under 

the cost assumptions used in HM,1991. 
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2.  Under the assumption that both tasks are imperfectly measurable 

In what follows, we refer to s as effort on the first task, and g as the effort on the second 

task. 

We make the following assumptions about the signal on the second task: 

δ+= gz  where ),0( 2τδ N≅ .       

Let µ be the incentive on z. Note that when both signals are used, it is possible to show 

(see BT, 2000) that the incentive provided on both tasks will be   

equal, and the agent will be indifferent between providing effort on either task, subject to 

the provision of an optimal level of total effort i.e: 

., gsgs +=+= µα          

Also note that the incentive and total effort is dampened when both signals are used. The 

reasoning is that the principal now has to cover the risk premium on two tasks, and the 

incentives (and consequent total efforts) will be dampened in response. The principal thus 

has three choices at any given level of b. a) pay incentives only on the first task, and 

demand effort only on that task; b) pay incentives on both tasks, and demand efforts on 

both tasks, subject to an optimal level of total effort which is determined by the variance 

of the signals and the value of the baseline demand;  c) pay incentives only on the second 

task, and demand efforts only on the second task. Also note that the level of total effort 

obtained is the lowest in case b, as the commissions are dampened. It also stands to 

reason that given the relative importance conditions, option a will be preferred at zero 

baseline demand, and the level of the baseline demand at which option c will be preferred 
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will be higher than the level at which option b will be preferred. The contracts described 

in table TA1 for this case follow as a logical consequence. 

 

Proof of Results In Table TA2: 

We particularize our solutions to the case where the revenue function can be described as 

follows: 

)1)((),,( gsbgsbR ++=        (TA14) 

The certainty equivalent of the agent is given by  

2/)(2/)( 222 gsrsbCE +−−−+= ασβα      (TA15)  

We assume that it is possible for the principal to pay a fixed wage and get a level of effort 

g on the non-measurable second task (This will be true as long as g≤g*, the upper bound 

on enforceable g). 

The Principal’s problem is 

gMaximize ,,βα βα −−++ sgsb )1)((       (TA16)  

subject to 0CE ≥  (Individual Rationality constraint) and .0/ =∂∂ sCE    

      

Following the logic used earlier, the principal’s problem reduces to: 

−+−+ )1)((, ggbMaximize g αα )1)(2/( 22 σα r+        

Subject to 0*,0,0 ≥−≥−≥ gggg α        

The Lagrangean then is: 

(  - )(1 ) ( *- ) ( - )L b g g g g g gα λ µ θ α= + + + + +      
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Subject to: 

0)*(,0,0/,0/ =−==∂∂=∂∂ ggggLL µλα .     

We have 4 cases
45

: 

1) λ=0, µ=0 

2) λ>0, µ=0 

3) λ=0, µ>0 

4) λ>0, µ>0, not feasible for positive g*.                                       

)1/(10/ 2σαα rL +=⇒=∂∂        

µλα −+−−+⇒=∂∂ gbgL 210/ =0.      

Condition 1 yields  

)21/())1(( 222 σσσ rrrbg +−+=        

This will yield positive values of g only if  

)1/( 22 σσ rrb +>                

         (TA17a)   

The solutions considered are for positive values of α. The principal will be interested in 

providing a positive α only if it results in a positive s. This will happen only if 0>− gα . 

Substituting the expression for g we get 

)/1(1 2σrb +<          

                                                 
45

 We do not consider a case where g*<g, where g is a solution of (TA16), because for values of g beyond 

g*, the agent’s certainty equivalent is decreasing in g, and no value beyond g* can be enforced with 

certainty. We also know that a non zero incentive will be offered only if θ=0. 
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This implies that if 22 /)1( σσ rrb +≥  , the principal will set .0=α    

 (TA17b)                                                                      

The principal’s problem then becomes  

2/)1( 2ggbMaximizeg −+  subject to *,0 ggg ≤≥    (TA18) 

Solving, we get g=b or g=g*. Solving at the cut off values of b given by (TA17a) and 

(TA17b), we derive the other expressions in Table TA2. 
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             TECHNICAL APPENDIX ESSAY 2 

 

The technical appendix is structured as follows. Section TA1 provides proofs for the 

analytical model and explains the derivation of standard errors using the delta method. 

Section TA2 provides hazard function and tenure estimates. 

 

Section TA1.1: Derivation of Analytical Results 

We derive the proof of the analytical solutions given in equations 8, 9 and 10. 

The certainty equivalent of the agent is given by  

2/)(2/)( 222

21 gsrgkskbCE +−−+++= ασβα     (TA1)   

We assume that it is possible for the principal to pay a fixed wage and get a level of effort 

g on the consultative task (this will be true as long as g ≤ g*, the upper bound on 

enforceable g). If the level of customer signups is more responsive to effort on the 

acquisition task (k1>k2), then the agent will not provide any g effort unless this effort is 

enforced. This implies that the minimum effort on the consultative task is a decision 

variable of the principal. 

The principal’s problem is 

Maxα ,β ,g
βα −++−+++ )()1)(( 2121 gkskbggkskb       

          (TA2a)  

subject to 0CE ≥  (Individual Rationality constraint) and .0/ =∂∂ sCE    

      

This can be written as: 
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−++−+ )1)()(( 211, ggkgkkbMaximize g αα ))(2/( 22

1

2 σα rk +   (TA2b) 

           

subject to 0*,0,0 1 ≥−≥−≥ gggkg α        

The Lagrangean then is: 

)()*())(2/()1)()(( 1

22

1

2

211 gkgggrkggkgkkbL −+−+++−++−+= αθµλσαα  

    

subject to: 

0)*(,0,0/,0/ =−==∂∂=∂∂ ggggLL µλα .     

We have 4 cases
46

: 

1) λ = 0, µ = 0 

2) λ > 0, µ = 0 

3) λ = 0, µ > 0 

4) λ > 0, µ > 0, not feasible for positive g*.      

                                  

)/()1(0/ 22

1

4

1 σαα rkgkL ++=⇒=∂∂        

µλα −+−+−++⇒=∂∂ gkkkkkbgL )(2)(0/ 1212

2

1 =0.      

Condition 1 yields  

)))((2/()))(()((
4

1

2

1

2

21

2

1

2

12

4

1

2

1

2 kkrkkkrkkkkrbg −+−+−+++= σσσ    

    

                                                 
46

 We do not consider a case where g* < g, where g is a solution of (TA2), because for values of g beyond 

g*, the agent’s certainty equivalent is decreasing in g, and no value beyond g* can be enforced . 
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This will yield positive values of g only if  

)/()))(((
2

1

24

1

2

1

2

21 krkkrkkb +−+−> σσ      (TA3)  

      

The solutions considered are for positive values of α. The principal will be interested in 

providing a positive α only if it results in a positive s. This will happen only if gk −1α  > 

0. 

Substituting the expression for g we get 

 

)/()()/()))((2))(1/((
2

1

24

121

2

1

24

1

2

1

2

21

2

1

24

1 krkkkkrkkrkkkrkb +−−++−+−−+≥ σσσσ  

          (TA4)  

      

This implies that if 

)/()()/()))((2))(1/((
2

1

24

121

2

1

24

1

2

1

2

21

2

1

24

1 krkkkkrkkrkkkrkb +−−++−+−−+≥ σσσσ , 

the principal will set .0=α       

The principal’s problem then becomes  

Maxg (b + k2g)(1+ g) − g2 /2  subject to *,0 ggg ≤≥     (TA5) 

Solving, we get g=(b+k2)/(1-2k2) or g=g*. Solving at the cutoff values of b given by 

(TA3) and (TA4), we derive the other expressions in equations 8, 9 and 10, i.e., 

 

Low baseline demand location (l type): )/()))(((
2

1

24

1

2

1

2

21 krkkrkkb +−+−≤ σσ  

The offered contract is: /(
4

1k=α  )
2

1

2 kr +σ , 0=g , ))/((
2

1

28

1 krkb +−= σαβ   
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The effort on the first task is )/(
2

1
25

1 krks += σ  

Medium baseline demand location (m type): 

)/()(

)/()))((2))(1/(()/()))(((

2

1

24

121

2

1

24

1

2

1

2

21

2

1

24

1

2

1

24

1

2

1

2

21

krkkk

krkkrkkkrkbkrkkrkk

+−−+

+−+−−+<<+−+−

σ

σσσσσ

The offered contract is:

))(())(2/(),))((2/()))((

)((),))((2/())((

211

2

1

224

1

2

1

2

21

2

1

2

12

4

1

2

1

24

1

2

1

2

2121

4

1

gkgkkbkrkkrkkkrkk

kkrbgkkrkkkkbk

+−+−+=−+−+−

+++=−+−−+=

αασαβσσ

σσα

                     

The effort on the acquisition task is 

)))((2/()))(()1((
4

1

2

1

2

21

4

1

5

1

2

1

2

12

3

1

22

1 kkrkkkkkrkkkrbks −+−+++−+−+= σσσ   

High baseline demand location (h type): 

)/()()/()))((2))(1/((
2

1

24

121

2

1

24

1

2

1

2

21

2

1

24

1 krkkkkrkkrkkkrkb +−−++−+−−+≥ σσσσ  

The offered contract is: 2

2 20, ( ) /(1 2 ) or *, / 2g b k k g g gα β= = + − = =  
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Section TA1.2: Computation of Standard Errors Using Delta Method 

 

          If )(Bh is a consistent estimator of the true value of a function of the parameters 

h(β), then the variance of the estimator h(B) is approximated by )()()( ββ hBVarh ∇′∇ . 

Note that in the above expression, Var(B) is the variance-covariance matrix of the 

parameter estimates obtained from the GMM estimation. )(βh∇ is obtained by 

differentiating the  function of interest with respect to each of the parameters and 

computing the value of  the derivative at the estimated values of the parameters. As an 

example, consider the expression for g for the dealer units: 

             )))((2/()))(()((
4

1

2

1

2

21

2

1

2

12

4

1

2

1

2 kkrkkkrkkkkrbg −+−+−+++= σσσ .  

            

 We differentiate this expression with regard to each element of the parameter vector. We 

find that  only the derivatives with regard to the baseline demands b3,b4,b5, the variance 

σ
2
 and the constant k2 are non zero. Substituting the values at the estimated values of the 

parameters we can get an expression for )(βh∇ and then compute the variance of the 

estimator, which is simply  

           )()()( ββ hBVarh ∇′∇ . 
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TECHNICAL APPENDIX ESSAY 3 

 

 

Case 1: Consider the expression for the certainty equivalent for agent 1 and agent 2: 

 

Agent 1 selects his effort to solve: 2/2/
2

1

22

11311
ατβα raakMaximize a −−+

 

Subject to 2/2/
2

1

22

1131 ατβα raak −−+ 1U≥     (TA1) 

      

The incentive compatibility condition yields: 

 

131 αka =
         (TA2) 

 

Setting the agent’s reservation utility to zero, the individual rationality condition  

 

yields: 

 

2/2/
2

1

22

1131 ατβα raak +=+
      (TA3)

 

 

 Proceeding similarly for agent and substituting the resultant expressions back into the  

 

 principal’s profit function, we can write the principal’s problem as:  

 

 ))(2/())(2/(
2

3

22

1

2

2

22

2

2

22311, 21
krkrkkkMaximize +−+−+ τασααααα  (TA4) 

 

 Differentiating this expression with respect to α1 and α2 and simplifying from the first  

  

order  conditions, we derive equations 4a-4d. 

 

 Case 2: The proof proceeds exactly as in case 1. The incentive compatibility  

      

 conditions for  

 

 Agent 1 and 2 yield: 

 

22121121 , akkak == ααα        (TA5) 

 

 Proceeding as before, we can express the principal’s profit function as follows: 
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2/2/2/2/))((

2

2

2

1

2

2

2

1

2

2

22

1

2

2

2

1

2

2121211, 21
kkrkrkkkkMaximize ααασαατααααα −−−−

 

           (TA6) 

Differentiating this expression with respect to α1 and α2 and simplifying from the first 

   

 order  conditions, we derive equations 8a-8c. 

 

 


