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Essays on Sales Management

ABSTRACT

SALES MANAGEMENT is one of the most important matters in marketing strategy. An
effective sales management policy properly motivates and controls salespeople, thereby
aligning their behaviors with the organization’s objectives. This dissertation examines
the implications of different sales management policies on salespeople’s behaviors and,
thus, their performance outcomes. The chapters consider two relevant topics on sales
management: (i) the role of behavior-based vs. outcome-based sales force control mea-
sures and (ii) the effects of sales incentive design on customer relationship management.

The first chapter provides a dynamic structural analysis of sales agents’ behavior in
response to behavior-based and outcome-based sales force control measures. The analy-
sis accommodates both observable, quantifiable sales effort (e.g., number of sales calls)
and unobservable, qualitative sales effort (e.g., attitude), as well as the dynamics in
demand induced by customer goodwill. The results show a trade-off between increasing
the number of sales calls (behavior-based control) and offering additional incentives
(outcome-based control); heterogeneous responses to reducing the level of price pro-
motions; and how an organization can minimize the negative impact of reducing price
promotions by utilizing different control measures.

The second chapter examines the role of incentive design as a lever to motivate
customer-managing sales agents. The structural analysis considers four primary tasks

associated with customer relationship management (CRM): acquisition, retention, cross-
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Dissertation Advisor: Doug J. Chung Byungyeon Kim

selling, and monetization. The findings demonstrate how providing additional incen-
tives may create a negative spillover and decrease the performance of a substitute task;
the long-term implications of incentive design; and how a multiplicative structure, a

theoretically optimal contract for balancing effort, can serve as a double-edged sword.
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Introduction

THE ACT OF SELLING is an essential part of organizations’ marketing activities and typ-
ically the only revenue-generating function therein. The sales profession in the United
States involves around 15 million people, accounting for more than 10% of the labor force
(U.S. Department of Labor, 2019). An average salesperson brings in a yearly revenue
of $10 million and $8.8 million in the manufacturing and service sectors, respectively
(Selling Power, 2019). Sales operation also involves significant costs. U.S. organiza-
tions dedicate more than $800 billion each year to manage their sales force—an amount
nearly four times the estimated $208 billion spending on media and digital advertising
(Zoltners et al., 2013; MAGNA, 2019). The significance of these figures indicate the
importance of designing and implementing effective sales management policies for an
organization to thrive.

Organizations administer various sales management policies in an attempt to boost
their sales outcomes. Such policies, however, often prove unsuccessful or, sometimes,
trigger outcomes that are less profitable, short-term oriented or even unethical, thereby
harming the organization (Schweitzer et al., 2004; Zoltners et al., 2016). The success,
or failure, of a sales management policy depends on how well organizations recognize
their salespeople’s underlying motives. Salespeople (or sales “agents”) possess their own

interests, which may not always align with those of the organization (or the “principal”).



An effective sales management policy, therefore, provides adequate motivation such that
salespeople’s behaviors align with the organization’s objectives.
The main challenge in sales management policy design arises because salespeople’s

)

behaviors, or sales “efforts,” are unobserved in part or in full. Fully monitoring sales-
people’s behaviors, including soft skills such as attitude, professionalism, and commu-
nication ability, is very costly, if not impossible, in practice. Hence, organizations and
researchers need to utilize observable measures, such as the number of sales calls and
revenue generated, to infer salespeople’s behaviors and thereby evaluate the effective-
ness of various sales management policies. Doing so requires a behavioral assumption
that connects the sales agent’s motives with his or her observable actions and outcomes.

This dissertation presents two chapters that examine the causal implications of var-
ious sales management policies. Each chapter provides a unique dynamic structural
model of sales agent’s behavior in response to organization’s control measures and in-
centive design. By using naturally occurring field data, which are based on actual
behavior under a real-working environment, the models have practical applicability in
the real world. Moreover, the structural formulation of the models allow evaluating
various configurations of alternative management policies and thus provide insights on
optimal sales strategy.

Chapter 1 examines the role of behavior-based and outcome-based sales force control
measures for motivating heterogeneous salespeople. The model accommodates both ob-
servable, quantifiable sales effort (e.g., number of sales calls) and unobservable, qualita-
tive sales effort (e.g., attitude), as well as the dynamics in demand induced by customer
goodwill. The chapter aims to understand how multiple management levers—including
incentives, route call planning and price promotions—jointly affect salespeople’s be-

havior and thus performance outcomes in the short- and long-run. A series of coun-



terfactual experiments demonstrate a trade-off between increasing the number of sales
calls (behavior-based control) and offering additional incentives (outcome-based con-
trol); heterogeneous responses to reducing the level of price promotions in which some
salespeople exert extra effort to mitigate the disadvantage; and how a firm can mini-
mize the negative impact of reducing price promotions by utilizing different sales force
control measures.

Chapter 2 investigates how sales incentive design influences customer-managing sales
agents’ behaviors and performance outcomes across multiple tasks. The analysis con-
siders four primary tasks associated with customer relationship management (CRM):
acquisition, retention, cross-selling, and monetization. The tasks are motivated under a
multi-component incentive plan, which combines the performance outcomes into a pecu-
niary reward. By understanding the short- and long-term implications of sales incentive
design, including structure (additive vs. multiplicative) and weight (incentive amount),
the chapter offers insights on optimal CRM strategy. The results demonstrate how
providing additional incentives may create a negative spillover and decrease the per-
formance of a substitute task; and the long-term implications of incentive design. In
addition, the study offers a unique contribution by showing how a multiplicative struc-
ture, a theoretically optimal contract for balancing effort, can serve as a double-edged
sword. A poorly set goal on one task may spillover and demotivate all other tasks,

causing the entire plan to fall short.



Managing Relational Sales:
The Role of Behavior-Based and

Outcome-Based Controls

1.1 INTRODUCTION

SALESPEOPLE ACT AS THE FACE OF AN ORGANIZATION. Some 15 million salespeople,
in the United States alone, serve in a boundary role that connects the organization with
its customers (U.S. Department of Labor, 2019). Salespeople take on multiple roles: in-
teracting with current and potential customers, fulfilling their needs, and implementing
promotional strategies for an organization’s products and services. Furthermore, and

especially in many business-to-business contexts, salespeople manage on-going relation-



ships with customers as the organization’s only source of direct contact. They make
sales calls regularly to educate and promote the organization’s products and services,
thereby building customer goodwill toward the organization and, thus, maintaining
long-term relationships. The impact of an organization’s sales function is substantial.
A single salesperson generates, on average, $10 million and $8.8 million in annual sales
in the U.S. manufacturing and service industries, respectively (Selling Power, 2019).
Hence, effective management of the sales force is the cornerstone for long-term growth
and prosperity of sales-driven organizations.

To manage—monitor, direct, evaluate and compensate—salespeople’s vast roles, or-
ganizations use various control measures that are either behavior-based or outcome-
based (Anderson and Oliver, 1987).! An outcome-based control prioritizes the final
outcomes or “results.” Salespeople are held accountable for the objective and straight-
forward measures of performance (e.g., sales revenue, units sold, and quota attainment)
rather than how they achieve them. This control measure involves limited supervising
and managerial direction, thereby reducing the managerial overhead associated with
monitoring salespeople. In sum, an outcome-based control is a laissez-faire policy, leav-
ing salespeople to achieve the organization’s desired outcomes using their own processes
and tactics.

A behavior-based control, in contrast, addresses the selling “process” and involves
considerable monitoring of salespeople’s activities. The organization has a well-defined
idea of what it wants the salespeople to do in order to achieve its desired outcomes,
and its managers actively intervene and direct the operations of the salespeople. Sales

results are presumed to follow in the long run rather than in the immediate future.

L Anderson and Oliver (1987) use the term “control systems” to conceptualize the overarching
management philosophies. In this study, we use the term “control measures” to refer to specific
management policies within a collective system.



Qualitative and more-complex input measurements (e.g., product knowledge, number
of calls made, hours worked, customer survey response, and peer evaluation) are used
to evaluate the sales force. Organizations choose behavior-based and/or outcome-based
control measures to influence salespeople’s behaviors, ideally in a way that they align
with the objectives of the organization.

This study aims to understand how different control measures influence salespeople’s
motivation and, thus, performance in both the short and long run. By examining the
role of different control measures, in conjunction with multiple sales management levers,
this study addresses the following questions: What is more effective at improving sales:
a mandatory increase in sales calls (behavior-based control) or providing a stronger in-
centive (outcome-based control)? What are the long-term outcomes of sales effort? How
do control systems interact with other marketing instruments such as price promotions?

Examining the effectiveness of behavior- and outcome-based control measures poses
three major challenges. The first challenge arises because sales agents’ behavior, in
part or in full, are costly to observe. Specifically, an agent’s sales efforts consist of
both quantifiable elements (e.g., number of sales calls, hours worked) that are readily
observed and qualitative elements (e.g., attitude, passion) that are often unobserved,
if not very costly to observe. An organization’s inability to fully observe sales effort
(i.e., hidden action) gives rise to agents’ moral hazard. In modeling sales effort, existing
studies have focused on either the observable quantity (Manchanda and Chintagunta,
2004; Mizik and Jacobson, 2004; Parsons and Abeele, 1981) or the unobservable quality
(Chung et al., 2014, 2021a; Kim et al., 2021; Misra and Nair, 2011). However, without
jointly examining the two different aspects of sales effort, a researcher may fail to fully
capture the agents’ moral hazard. For instance, when a firm mandates its salespeople to

make more sales calls, they may simply increase the observable quantity at the sacrifice



of the unobservable quality of calls. The issue become more complex as salespeople are
heterogeneous and, thus, different control measures likely have differential effects across
varying types of people.

Further complications emerge due to the dynamics from the customer side. In rela-
tional sales, customer behavior is often habitual (i.e., state-dependent) by which past
sales history persists and affects current sales. Hence, organizations concentrate on
making sales efforts that create long-lasting customer goodwill. Such inertia of cus-
tomers, together with above moral hazard, also influences sales agents’ behavior. For
instance, given a highly loyal customer base, a salesperson may become less responsive
to incentives or other control measures, since he or she can enjoy the spoils of customers’
habitual buying.

The last challenge arises when other management levers, such as price promotions,
are considered in conjunction with the control measures. Acting in their own interest,
salespeople’s behavior becomes intertwined with the organization’s management policy
and, as a result, may yield unintended consequences. For example, when the organiza-
tion offers price discounts on its products, salespeople can take this into account and
decide to shirk, thereby exerting less sales effort. Therefore, we need to carefully infer
salespeople’s behavior to fully understand the implications of different control measures
and their interaction with other management levers.

This study formulates a dynamic structural model of sales force behavior in response
to behavior- and outcome-based control measures. The model formally disentangles
the observable and unobservable elements of sales effort and considers many of the key
elements involved in relational sales: frequency of sales calls, quality of sales effort, dy-
namics of customer goodwill, agent’s ability, and the effectiveness of price promotions.

The study’s comprehensive model helps organizations better understand their salespeo-



ple’s response to different control measures and, thus, provides guidance on the optimal
design of compensation structure, call planning, and price promotion policies.

The analysis reveals existence of different types of salespeople that possess hetero-
geneous behavior. A series of counterfactual experiments shows ways in which sales-
people’s actions and performance change with alternative compensation, call planning,
and promotion policies. The results demonstrate a trade-off relation between imposing a
stricter call plan (behavior-based control), which mandatorily increases the frequency of
sales calls, versus providing a stronger incentive (outcome-based control); the potential
consequences, yet with an unexpected advantage, of reducing the level of price pro-
motions; and how combining reduced promotions with extra incentives can effectively
offset the loss in revenue.

The remainder of the paper’s structure is as follows. Section 1.2 summarizes the
related literature. Section 1.3 describes the institutional settings. Section 1.4 presents
the model. Section 1.5 describes the estimation procedure and identification. Section 1.6

presents the estimation results and the counterfactual analyses. Section 1.7 concludes.

1.2 RELATED LITERATURE

This study is related to several streams of research on sales management. First and fore-
most, this study relates to the research on sales force control.? The foundational work
by Anderson and Oliver (1987) conceptualizes the two approaches toward sales force
control systems. Outcome-based control holds salespeople accountable for their own

tangible results. Organizations take this approach to provide an equitable measure for

2 Sales force control, in a broad sense, corresponds to sales force management. Here, we focus
on the stream of research addressing the implications of behavior-based and outcome-based
control for its relevance to this study.



evaluation, keep salespeople’s motivations intact, and reduce the managerial overhead.
However, the emphasis on outcomes alone and inherent lack of direction trigger sales
behaviors that are often short-term focused, outcome-only oriented, or sometimes even
unethical, which may harm the organization (Schweitzer et al., 2004; Zoltners et al.,
2016). Behavior-based control, in contrast, emphasizes the role of management direc-
tion and close monitoring of activities that lead to both tangible and intangible results.
This approach helps execute long-term strategies and reduces the inequity that arise
from events that are out of salespeople’s influence. However, the drawbacks are that it
is complex, subjective regarding evaluation, and difficult to collect the comprehensive
behavior of salespeople (Anderson and Oliver, 1987; Challagalla and Shervani, 1996).

The theoretical studies on the topic, under the principal-agent framework of Holm-
strom (1979), primarily advocate the role of outcome-based control (i.e., incentives)
in directing sales effort (Basu et al., 1985; Holmstrom and Milgrom, 1987; Rao, 1990;
Lal and Srinivasan, 1993). By sharing the rewards with a salesperson in direct pro-
portion to his or her measurable performance, the outcome-based control allows the
organization to shift its risk to the salesperson. In these studies, behavior-based control
(i.e., monitoring), once undertaken, reveals the agent’s effort in full—and, thus, mon-
itoring precludes the need for incentives. Consequently, the studies assume that the
cost of monitoring is prohibitively high and rule out the role of behavior-based control.
Joseph and Thevaranjan (1998) relax this assumption and allow partial monitoring of
agent’s behavior. The study finds that monitoring induces an inefficient allocation of
agent’s effort but, nonetheless, it may help organizations improve on profits by saving
on compensation.

Most of the empirical work on behavior- and outcome-based control focuses on vali-

dating the conceptual framework of Anderson and Oliver (1987). The studies attempt to



quantify the effectiveness of control systems on salespeople’s behavior and performance
(Ahearne et al., 2010; Challagalla and Shervani, 1996; Cravens et al., 1993; Jaworski
and Kohli, 1991; Jaworski et al., 1993; Kohli et al., 1998; Krafft, 1999; Oliver and An-
derson, 1994). Overall, the research suggests that behavior-based control measures are
positively associated with salespeople’s intrinsic motivation and commitment to the or-
ganization; however, some studies also find inconsistent or weak results on performance
(Baldauf et al., 2005; Darmon and Martin, 2011). Such inconsistency is possibly due
to limited data—the studies mostly rely on survey responses from sales managers and
executives, which are subjective and imaginary.

This study’s contribution to the stream of literature on sales force control is three-
fold. (i) It empirically verifies the role of different control measures using naturally
occurring data. By examining the implications of different control measures based on
actual behavior under a real-working environment, the study advances the literature in
finding the true behavioral motives behind behavior- and outcome-based controls. (ii)
The study’s structural formulation allows testing of various configurations regarding
behavior- and outcome-based control measures and, thus, provides guidance to organi-
zations to foresee the effectiveness of changes in their management policies. Moreover,
by analyzing the behavior and performance at the individual level, the study examines
the differential implications of control systems across heterogeneous salespeople. (iii)
This study evaluates the role of control measures in conjunction with other firm-level
management levers, namely price promotions.

This study’s empirical approach bears on the structural models of agents’ behavior in
response to various sales management instruments. To overcome the limited variation
in sales management instruments, such as compensation structure and call scheduling

policy, studies have turned their attention to the structural formulation of sales agents’

10



behavior. Mainly, studies have utilized the variation in agents’ motivation in response to
their states—e.g., distance to quota (DTQ)—to infer unobserved effort from observed
performance outcome. Existing studies, likely due to difficulties in data collection,
focus their attention to compensation (Chung et al., 2014; Kim et al., 2021; Misra
and Nair, 2011). More recently, studies are expanding their scope to investigate a
number of policies beyond compensation, such as training, recruiting and termination,
and shift scheduling (Chung et al., 2021a, 2022). These studies illustrate how multiple
elements of sales management instruments jointly affect agents’ behavior and, thus, an
organization’s sales performance.

The above studies, however, collect various elements of sales effort into a stylized,
unidimensional object. They also limit to analyzing the short-term effectiveness of sales
effort. To this end, this study contributes to the literature by disentangling the different
elements of sales effort—quantity and quality. By disentangling and jointly examining
the observed, quantifiable sales effort (e.g., sales calls) as well as the unobserved, qual-
itative (e.g., attitude) sales effort, the study demonstrates the inherent trade-offs in
agents’ decision making and, thus, broadens the understanding of agents’ behavior. In
addition, the model incorporates customer goodwill that persists over time, capturing
the long-term effectiveness of sales effort.

By analyzing the role of sales calls—as an outcome of an agent’s behavior—this paper
also relates to the strand of literature on sales response models, namely, of sales-call
(detailing) effectiveness. Early studies on the topic have generated mixed results, with
elasticity measures ranging from a negative value of -14.8% (Parsons and Abeele, 1981)
to overwhelmingly positive at 41% (Géniil et al., 2001). Mizik and Jacobson (2004), by
addressing the endogeneity concerns latent in earlier studies, suggests that the sales-call

effectiveness is relatively small. Manchanda and Chintagunta (2004) includes physician
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level heterogeneity in the response parameters to find that sales calls have positive effect
on prescriptions with diminishing returns. Manchanda et al. (2004) finds evidence that
physicians who are less responsive to detailing receive more frequent visits (compared
to the more responsive ones), suggesting that the detailing policies used in practice may
be suboptimal.

The above studies, however, treat sales calls as an exogenous decision of a firm rather
than that of a salesperson. Hence, they are limited in capturing the behavioral motives
of a salesperson in determining the number of sales calls—for instance, if a salesperson
is short on, but has a reasonable chance to meet, the quota, that salesperson would
likely make more frequent visits than someone who already achieved the quota or has
no chance to do so. By allowing the number of sales calls to be part of an agent’s
decision, this study controls for the differential motives of salespeople; allows the call
planning to interact with other management levers; and, thus, provides appropriate
valuation of detailing visits. In addition, the structural approach of the study allows for
causal analysis of alternative (counterfactual) policies, whereas descriptive studies limit

this applicability.

1.3 INSTITUTIONAL DETAILS

This section presents the institutional setting and data. The discussion proceeds in
three parts: (i) sales environment, (ii) sales management and marketing instruments,
and (iii) model-free evidence that stimulates model development.

The firm under study is a multinational generic pharmaceutical company, offering
a portfolio of prescription products through its own direct sales force. The data come

from the primary-care division of the firm’s business operation in Turkey. Some notable
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Mean S.D.

Monthly base salary (USD) 1,595.58 306.22
Annual variable pay (USD) 6,845.30 4408.11
Daily number of sales calls 15.26 2.06
Monthly promotional goods (% of sales) 27.87 6.61
Annual performance (sales/quota) 97.74 13.92
Meet annual quota (% of salespeople) 49.70 -
Number of salespeople 180

Notes. Base salary and variable pay are in U.S. dollars. The numbers are

approximate for confidentiality.

Table 1.1: Descriptive Statistics

aspects of the Turkish pharmaceutical market include: (i) the government regulates
end-prices; (ii) competition is high among the generics companies because of the coun-
try’s universal healthcare system,® and (iii) the country bans direct-to-consumer (DTC)
advertising.* Consequently, personal selling in the form of sales calls plays a crucial role
in the firm’s go-to-market strategy. Thus, properly motivating and controlling the sales-
people’s activities are critical factors for success.

The data consist of salespeople’s performance and number of sales calls, and the firm’s
price promotion policy from January 2015 to December 2016. To minimize the effect of
the initial learning curve, we remove individuals less than or equal to six months since
hire (i.e., who joined on or after July 2016). The data-cleaning process leaves us with

180 salespeople. Table 1.1 shows the corresponding descriptive statistics.

3 Consumers are reimbursed up to 10 percent above the lowest priced (therapeutically equiva-
lent) brand, which encourages the use of generics products.
4 As of 2020, only Brazil, New Zealand and the United States allow DTC advertising.

13



1.3.1 SALES ENVIRONMENT

The firm’s sales process involves physicians at the front end and pharmacists at the
back end. A physician prescribes the firm’s product for the patient (end-consumer) to
purchase—although, pharmacists can switch to a competitor’s product (with the same
generic molecules). Because physicians are not directly involved in the end-purchase
process, their prescribing behavior is less sensitive to price and driven largely by re-
lationships with the firm’s salesperson—in the form of customer goodwill. After the
physician writes a prescription, the pharmacists generates actual sales. They too, how-
ever, can affect sales by persuading patients to stay with or switch out of the prescribed
product (across therapeutic equivalents). Because sales are directly linked to their rev-
enue, pharmacists’ behavior is highly influenced by price promotions.

In summary, physician prescription is important because, other things equal, sales
do not occur without one. However, if the firm dedicates most of its resources toward
physician detailing, competitors (with competitive price promotions) can convert the
pharmacists to switch-out. Hence, balancing the sales resources toward both physicians,
in the form of sales calls, and pharmacists, in the form of price promotions, is necessary

for an ideal sales outcome.

1.3.2 CONTROL MEASURES AND MARKETING INSTRUMENTS

The following subsections discuss the firm’s three primary instruments: compensation,

call planning, and price promotions.
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| Jan | Feb IMar
T

Apr  May Jun
| T T T

1Q-Quota

$1,600 $1.600 + $1,600 + $3,200 +
Unearned in 1Q Unearned in 1-2Q Unearned in 1-3Q
1.67% Commission

Notes. The amounts are converted to U.S. dollars. The numbers are approximate for confiden-

tiality.

Figure 1.1: Compensation Structure

COMPENSATION

The firm’s compensation plan consists of base salary, quota-based bonus, and over-
achievement commission. In each month, salespeople receive a base salary of $1,600
on average. For the first three quarters, the firm gives a $1,600 bonus if a salesperson
meets the respective quarterly quota. At the end of the year, the firm rewards a $3,200
bonus if a salesperson meets the annual quota and, in addition, provides an overachieve-
ment commission of approximately $135 (1.67% of the combined annual bonus) per any
excess percentage points above the annual quota. The firm caps the amount of over-
achievement commission at $8,000, when a salesperson tops 160% of the quota. Figure
1.1 provides an overview of the firm’s compensation plan, and Table 1.2 describes the
quota-bonus payment schedule in detail.

The following two features of the compensation plan are noteworthy: (i) Quotas are
cumulative from the beginning of the year. (ii) The firm defers the unearned bonus in

each quarter to the subsequent quarter. For example, if a salesperson meets both Q1
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Q1 Q2 Q3 Q4

Performance (sales/quota)

0-89.99 % - - - -

90 - 90.99 % - - - 35 %
91 - 91.99 % - - - 40 %
92 - 92.99 % - - - 45 %
93 - 93.99 % - - - 50 %
94 —94.99 % - - - 55 %
95 - 95.99 % - - 30 % 60 %
96 — 96.99 % - - 33 % 65 %
97 - 97.99 % - - 35 % 70 %
98 — 98.99 % - - 40 % 80 %
99 - 99.99 % - - 45 % 90 %
100 % 100 % 100 % 100 % 100 %
Greater than 100 % 100 % 100 % 100 % 101-200 %

Quota Evaluation Period Jan-Mar Jan-Jun  Jan-Sep Jan-Dec

$1,600  $1,600 + $1,600 + $3,200 +

Bonus Amount
unearned unearned unearned

Notes. The quarterly bonus amount is determined by multiplying the allocated bonus
amount (bottom row) by the payout rate, respective to the performance (sales/quota) over

the evaluation period.

Table 1.2: Quarterly-Bonus Payment Schedule

and Q2 quotas, he or she would receive $1,600 each in March and June. However, if a
salesperson misses the Q1 quota and then meets the Q2 quota, he or she would receive
$3,200 in June.

These features induce salespeople’s forward-looking behavior and create unique dy-
namics. On the one hand, salespeople are motivated to keep up their pace throughout
the year due to the deferral of unearned bonus amount. If a salesperson does not meet
the quota in a quarter, his or her motivation to exert effort becomes greater (than had
the person met the quota) because the total attainable bonus amount increases in the

subsequent periods. On the other hand, poor performers may lose motivation and give
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up due the cumulative nature of the quota evaluation. The effect of negative sales in
the early periods can last throughout the year, constantly demotivating the salespeople.

The firm uses an established consulting company to set and update salespeople’s
quotas. The quota-setting incorporates information about the salespeople’s territories,
such as market share, growth potential, and expected fluctuations in demand. This
practice, by adjusting quotas based on objective information rather than on past sales

performance, mitigates potential ratcheting concerns.

CALL PLANNING

The firm operates its sales activity by route sales calls. Before the end of each month,
every salesperson, together with the regional manager, creates a route-call plan for the
upcoming month. The call plan includes a series of scheduled meetings with physicians
in the salesperson’s exclusive territory. During each month, salespeople make in-person
calls following the assigned route and, if necessary, make extra calls to further promote
the firm’s products and improve the relationship with their physicians. On average, a
salesperson makes 15 sales calls per day, where each call lasts for 5-10 minutes. During

each meeting, the salesperson exerts effort to promote the firm’s range of products.

PRICE PROMOTION

The government heavily regulates product prices. To gain competitive advantage under
this constraint, pharmaceutical companies, including the focal firm, provide promotions
in the form of free products, in proportion to sales quantity, to pharmacies. Each month,
the firm sets its free-products policy, which outlines a distribution ratio by product.

Hence, the firm’s free-product policy, in a sense, is a form of price promotion. The
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salespeople do not have control over the ratio of free products, however, there is cross-
sectional variation in the amount distributed—depending on the salesperson’s product
mix sold during the month. On average, a salesperson distributes 28% of products sold
as free products. The free products are a critical component of pharmacies’ revenues
and, therefore, influence the pharmacist’s decision to promote the firm’s product over

other generic equivalents.

1.3.3 MODEL-FREE EVIDENCE

The following subsections discuss the model-free evidence on salespeople’s forward-

looking behavior, their decision variables, and long-term effectiveness of sales effort.

FORWARD-LOOKING BEHAVIOR

The relation between salespeople’s performance and proximity to bonuses—distance
to quota (DTQ)—provides evidence for forward-looking behavior (Steenburgh, 2008;
Chung et al., 2014, 2021a). If agents are forward looking, their sales effort and, thus,
performance would depend on the odds of reaching the quota and attaining the bonus.
Moreover, the proximity to quota would affect only the behavior of agents with a rea-
sonable chance of making the quota and not that of agents who are unlikely to meet
the quota.

Figure 1.2 provides a graphical illustration of forward-looking behavior. The figure
depicts the scatterplot and the best-fitting nonparametric smoothed polynomial of the
salespeople’s performance in bonus-payout months on the percentage of cumulative
quota achieved (QA) until that month. Two observations are noteworthy from the

figure: (i) From March through September, many salespeople with low QA achieve
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Notes. The y-axis depicts performance (sales/quota) in the bonus-paying months; the x-axis

shows the cumulative quota achieved (%QA) by the previous month.

Figure 1.2: Performance and Distance-to-Quota

performance above 100%. In December, however, only a few in the low-performing
group does so. This is likely because the salespeople far from their quotas give up as
they cannot recover the annual quota in just a month. (ii) Salespeople’s effort, after
gradually increasing in DTQ, flattens once the quota is met (i.e., when QA is above
100%). Hence, although the DTQ motivates the salesperson, such motivation decreases

once he or she exceeds the quota.
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Variable Sales calls Promotion rate

Intercept 15.171 0.380
(0.078) (0.003)
80%<QA<100% 0.334 0.008
(0.127) (0.005)

Notes. Dependent variable: number of sales calls or promotional free
products rate. Standard errors are in parentheses. Significance at the

0.05 level appears in boldface.

Table 1.3: Sales Calls / Promotion Rate and Distance-to-
Quota

DECISION VARIABLES

The institutional details in Sections 1.3.2 discussed how the number of sales calls is
under salespeople’s control but the rate of promotions is fixed by the firm (and, thus,
exogenously given to salespeople). In this section, we verify the claims to determine
the agents’ decision set—i.e., are sales calls under agents’ control and promotion rates
indeed not so? To address this question, we turn to the idea that if a variable is under
control by an agent, then it will likely depend on his or her DTQ—the agent will allocate
more of the respective resource when needed to achieve the quota. Thus, by looking
into how agents’ DTQ influences the number of sales calls and the rate of promotions,
we can determine the variables to include in modeling the agents’ decision.

Table 1.3 depicts the relation between the DTQ and (i) the number of sales calls made
and (ii) promotion rate distributed. The agents are split into two groups: those with
QA between 80% and 100%; and those with QA below 80% or above 100%. The former
group is short on quota and, thus, has the motivation to expend more resources, whereas

the latter group is far away from or has already met the quota and, thus, has limited
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motivation. From the left column, we find evidence that the agents who are short on
quota make extra sales calls to make up for their performance. However, this is not
the case for the promotion rate, shown on the right column, that shows insignificant
marginal increase for those short on the quota—implying that the agents do not have
direct control over it.> The results confirm the institutional details in which salespeople
determine their number of sales calls but not their rate of promotions. Hence, we include
number of sales calls in the agents’ decision set while leaving the promotion rate as a

firm-level decision that is exogenously given to the agents.

SHORT- AND LONG-TERM EFFECTIVENESS

Lastly, the determinants of customer goodwill—variables that have a long-lasting effect—
are investigated. Table 1.4, column 1, shows the results of regression analyses with per-
formance as the dependent variable and sales calls and promotion rates as explanatory
variables. Intuitively, the two variables have positive and significant effects on contem-
poraneous sales. To understand the long-lasting effect, column 2 reports the regression
results with lagged explanatory variables. The lagged number of sales calls is positive
and significant, though with smaller effect size, indicating that its effect carries over
time. The lagged promotions, however, is found insignificant. Hence, the results reveal
that sales call effectiveness persists over time, creating goodwill that is long lasting,

whereas promotion effectiveness is short lived.

5 The result rules out the case in which the agents possess private information about the phar-
macies’ responsiveness to promotions and, as a result, make selective visits to those that favor
the promotion rate set by the firm.
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Performance

Variable i 5
Sales calls 0.007 -
(0.001) -
Promotion rate 0.608 -
(0.035) -
Lagged sales calls 0.003
(0.001)
Lagged promotion rate 0.029
(0.037)
Fixed effects Yes Yes

Notes. Dependent variable: performance (sales/quota). Fixed
effects controls for individual heterogeneity. Standard errors
are in parentheses. Significance at the 0.05 level appears in
boldface.

Table 1.4: Performance and Sales Calls / Promotion
Rate

1.4 MODEL

This section presents a dynamic structural model of relational sales. The discussion
proceeds in the following order: (i) the sales response function; (ii) the agent’s per-
period utility; (iii) evolution of state variables; (iv) the firm’s compensation structure;
and (v) dynamic allocation of the agent’s sales effort. The agent’s performance is
determined by his or her sales effort, the firm’s price promotion policy, and the amount
of customer goodwill that the agent has generated in the past. The agent derives utility
from compensation and disutility from making sales calls and enhancing their quality.
Compensation is a nonlinear function of accumulated performance (e.g., quarterly sales).
Hence, the agent exhibits forward-looking behavior and dynamically optimizes the sales

efforts to maximize current and future payoffs.
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1.4.1 SALES RESPONSE FUNCTION

An agent i in period t generates sales performance, ¢;;, as a function of a stock of
customer goodwill, Gy, created by past sales effort; the number of sales calls, d;; the
quality of sales calls, e;; price promotion, z;; individual effect, o;; and an idiosyncratic

performance shock, &;;, such that
qit = exp (Gt + 0dit + eir + yzie + i + &it) - (1.1)

The multiplicative form accounts for the dependence between quantity and quality of
sales effort.5 To account for both quantity and quality of sales effort, we include observed
number of sales calls, d;; (hereafter, call frequency), and unobserved quality of sales calls,
eir (hereafter, call quality). For price promotion, z;;, we use the ratio of free products
distributed—i.e., free-products/sales. The individual effect «; represents the agent’s
baseline ability—i.e., performance attained without any sales effort. The distribution
of the performance shock &; follows N (0, Ug) and is known to the agent.

The stock-of-goodwill framework by Nerlove and Arrow (1962) provides a parsimo-
nious yet effective measure to accommodate the long-term effect of sales efforts. The
key concept is the formulation of an unobserved stock of goodwill, G, which is formed

by a salesperson’s past sales efforts and affects the current period outcome.” More for-

6 The results are robust to an additive model structure. The additive setting reduces direct

complementarity (in terms of performance) between call frequency and quality. However,
indirect complementarity (in terms of motivation) between the two elements is still present
when an agent is short on quota because an increase in one element helps the agent get closer
to quota and, thus, increases the payoff from the other element.

Formed by an agent’s past sales efforts, customer goodwill can also be interpreted as the agent’s
learning by doing. Given agent-level performance data, the two effects are not distinguishable
from each other. This paper attributes the effect to customer goodwill for two reasons: (i) The
empirical setting (pharmaceutical detailing) involves sales calls that are routine and customers
who are known to exhibit a high level of inertia. (ii) The data cleaning removes agents with
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mally, the stock of goodwill G;; is specified to augment with past sales efforts, d;;and

eit, but to decay over time in the following geometric form:

o
Git = A(6dig—1 +eiz—1) + N (6dip—o +eipo)+-- = Z N (0dip—j +eir—j), (1.2)
j=1
where A is the carryover rate (and, thus, 1 — X is the decay rate). The long-term effect
of sales efforts is captured using an infinite lag distribution. Combining Equations (1.1)

and (1.2) yields an infinite distributed lag model:

oo
Git = exp Z N (0dit—j +eir—j) + 0dit + e + vzie + i + & | - (1.3)
j=1
A straightforward application of Equation (1.3) is infeasible as it requires an infinite
number of observations for the past sales effort. A practical approach to estimation
is to substitute a part of the infinite-geometric sum in ¢;; using the lagged dependent
variable ¢; ;1 such that

Git = Nit—1 + 0dit + €t + VZi + wit,
(1.4)

Ui = & + e + Eit — Ai—1,
where ¢ = log(qit), & = (1 —A) «a, and Zz = zit — Azi¢—1. The response function
in Equation (1.4) captures the contemporaneous effect of agent’s sales efforts (call fre-
quency and quality) as well as their long-lasting effect. In the following section, we

discuss how the agent dynamically optimizes the sales efforts.

less than or equal to six months of experience to minimize the effect of the initial learning
curve.

24



1.4.2 PER-PERIOD UTILITY

The agent’s per-period utility (hereafter, utility) consists of positive pecuniary utility

of compensation, Wy, and disutility from call frequency and call quality, Cy, such that

Uldit, €it, sit) = Eop [Witldit, €it, sit] — viVar [Wig|dit, €1, sit] — Cit. (1.5)

The amount of compensation, Wi, = W (g, sit; Vi), is determined by the agent’s
performance g;; = q(dj, e;t) and state s;, given the firm’s compensation plan ;. The
pecuniary utility W;; takes the form of mean-variance utility, where 7; > 0 represents
the agent’s risk preference. The agent incurs disutility C;; = C/(dy, €;¢) from conducting
sales calls d;; and enhancing the quality of those calls e;;. The disutility is convex in d;;
and e;;, such that

C(dit, eir) = exp(ﬁfl +eit) - d?t + 65 - e?t,

where 9? and 6 capture the disutility from call frequency (observed) and call quality
(unobserved), respectively.® To account for the variation in observed number of calls,
the associated disutility accommodates a structural error term e;, representing the
states that affect the agent’s call frequency decision but unobserved by the researcher.
The structural error €;; follows a normal distribution with location parameter zero and
scale parameter o. and is independently and identically distributed across agents and

over time.

8 The results are robust to allowing the disutility of call quality (e;;) to increase in proportion
to the call frequency (d;¢). The alternative setting induces stronger substitution between the
two elements and, thus, amplifies their trade-off relation.
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1.4.3 EVOLUTION OF STATE VARIABLES

The agent’s evolving state variables include four components: (i) the month type (MO),
sMO: (ii) the percentage of cumulative quota achieved (QA), sgA; (iii) the percentage
of annual bonus accrued (BA), sB4; and (iv) the amount of customer goodwill (GW),
SGW.

The state transition occurs as follows:

1. Month type (MO)

(MO _ 1, if ¢ is the start of the year,
* 5%91 +1, otherwise.

2. Percentage of cumulative quota achieved (QA)

0, if t is the start of the year,
QA A
Sip = 3%92 : 5?&1 + Git—1 therwi
0 , otherwise.
Sit_1

3. Percentage of annual bonus accrued (BA)

0, if ¢ is the start of the year,
BA _ MO | QA
s = Si129 8111t Qit—1 )
" max {Mt—l . RtQ_B1 < Lt—2 ;J\ZOI ‘ > ,sfﬁl} , otherwise.
it—1

4. Amount of customer goodwill (GW)

GW
Sit = A qit—1-

The month-type evolves in a deterministic manner, whereas the latter three state
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variables evolve based on the agent’s performance. The QA and the GW evolve every

month, based on the performance in previous months; the BA evolves every quarter,

based on receiving the quarterly bonus (the details of M; and R?B are provided in the

next section). The QA and the BA are reset every January, whereas the GW evolves
MO QA _BA GW

continuously without reset. The vector s;; = s3>, 8,7 ,8;;",s; " collects the evolving

state variables.

1.4.4 COMPENSATION

The agent receives compensation Wy = W (qjt, sit; i) based on performance ¢;; and
state s;;. Compensation W;; comprises three components: (i) monthly fixed salary Fj;
(ii) quarterly bonus @QBj; and (iii) end-of-year overachievement commission OCjy, in
the following form:

Wiy = Fy + QBy + OCj;.

The quarterly (and annual) bonus element QBit is as follows:

MO _1y. 494 1
QBit — maX{Mt . R?B <(Szt ) Szt "‘th . SgA) ,0},

MO
Sit

where M; denotes the maximum attainable quarterly-bonus amount (including the de-

ferred amount from previous periods) and RtQB represents the rate of quarterly bonus
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payout. More formally, the components M; and R,?B are as follows:

1, 600, if sMO =3,
3,200,  if sMO =,

M, =14 4,800,  if sMO =09,
8, 000, if sMO =12,
0, otherwise,
and
(030,  if 0.95 < 5%}, < 0.96 and s}O =9,
0.33,  if0.96 < 5%, < 0.97 and s}/© =9,
0.35,  if 0.97 < s}, < 0.98 and s}0 =9,
0.40,  if 0.98 < 5%, < 0.99 and s}/© =9,
0.45,  if0.99 < 5%, < 1.00 and s}/© =9,
0.35,  if0.90 < 5%, < 0.91 and s}/0 =12,
0.40,  if 0.91 < 5%, < 0.92 and s}/0 =12,
0.45,  if 0.92 < 5%, < 0.93 and s}/© =12,
RPP = 050, i£0.93 <%}, <094 and )€ =12,

0.55,  if 0.94 < 5%, < 0.95 and s}/0 =12,
0.60, i 0.95 < 5%}, < 0.96 and s}/O =12,

0.65,  if 0.96 < 5%, < 0.97 and s}/© =12,

0.70,  if 0.97 < 5%, < 0.98 and s}/0 =12,
0.80,  if 0.98 < 5%, < 0.99 and s}/0 =12,
0.90,  if 0.99 < 5%, < 1.00 and s}O =12,

1.00,  if 1.00 < s}, and s}© € {3,6,9,12},

0, otherwise.

\

By the structure of QB;;, the amount of bonus accrued (BA) in previous quarters,

represented by sgA, subtracts out the previously earned bonus from the maximum at-
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tainable amount M;. Also note that in non-bonus periods, QB;; = 0 and, thus, the
fixed salary Fj; determines compensation W;; in whole. The overachievement commis-

sion OC}y; (distributed only in December) is as follows:

A
7O —1) - 530+ gi
it

st
Ocit — Mt X RtOC (( it SMO

where M; (= 8,000 for s} = 12 ) is the maximum attainable annual bonus as defined

above and RPC represents the rate of overachievement commission given by

1.00,  if 1.00 < s}, < 1.01 and s}© = 12,

1.01,  if1.01 <524 < 1.02 and s}/© =12,

1.02, i 1.02 < s%}, < 1.03 and s}O =12,

104, if1.03 < s}, < 1.04 and s}O =12,

199, if 159 < s%1, < 1.60 and s}/© =12,

2.00,  if 1.60 < s, and s}/© =12,

0, otherwise.

The components My, RtQB and R are common across all agents, while F}; varies
depending on agent’s tenure.” The vector 1;; = Fit,Mt,RtQB,R?C collects the four

components that represent the firm’s compensation structure.

1.4.5 DyNAMIC ALLOCATION OF ACTIONS

The course of agent’s actions, compensation plan and state transitions naturally stim-
ulate a dynamic structural model. An agent dynamically optimizes the call frequency

di and call quality e;;, maximizing the sum of current and future payoffs. The value

9 The model is applicable to a wide class of nonlinear compensation schemes beyond the illus-
trated institutional setting.
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function is defined as the agent’s discounted present value of the expected utility stream,

such that
V(sit) =E [Z gt { max U(dir, €ir, 31‘7’)} Sit]
=t i7€iT

= max {U(dit, €it, Sit) + B

dit,eit

Z BT_t { max U(d’iTv €ir, 5@'7)}

T=t+1 diT s€ir

dit, et Sit] } ,

where U(dj, eit, i) is the utility function in Equation (1.5) and 8 denotes the discount
factor.!® Hence, the agent makes an infinite sequence of optimal choices (diry€ir : T =
t,t +1,...) that determines the value of the expected utility flow. The expectation is
taken with respect to the idiosyncratic performance shock & and the structural error
gir for 7 >t + 1.

The choice-specific value function, representing the discounted present value of choos-

ing actions d; and e is defined as:

V(dit, eit, sit) = U(dit, €it, Sit) + E

Z 5T_t { max U(diTu €irs Sir)}

T=t-+1 iTs€iT

dit, €, Sit] :
(1.6)

In each period, the agent incorporates the information contained in his or her current

states to evaluate the future outcome of actions: call frequency (d;;) and call quality

(6“).

The agent’s call quality policy (i.e., optimal level of call quality), as a function of the

10The discount factor is fixed at 8 = 0.95.
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state s;; and the number of sales calls d;;, is given by:
e = e(dit, si) = arg max {V (dy, e, sit) }
e

That is, the agent chooses the optimal level of call quality e; that maximizes the
discounted stream of expected utility flow, conditional on the current states and the
call frequency. The agent’s call frequency policy (i.e., optimal number of sales calls), as

a function of the state sit is given by
dj, = d(sit) = arg max {V(d, e}, sit) }
d

The dynamic construction in Equation (1.6) illustrates two main trade-offs that gov-
ern the agent’s behavior. First, the agent’s disutility today from call frequency d;
and call quality e;; positively affects present and future payoffs. By the sales response
function in Equation (1.4), the agent’s actions d;; and e;; are stochastically linked to
performance g;;. In turn, the performance outcome ¢ (i) is directly linked to compen-
sation W;; in bonus-paying periods; and (ii) indirectly affects future compensation by
the evolution of state variables s; ;41 = f(¢it, Sit; Yit), where f(-) collects the state tran-
sition discussed in Section 1.4.3. Second, the agent must allocate call frequency d;; and
quality e;; within a desired disutility level. As salespeople typically are heterogenous in
their interpersonal ability and relational skills related to sales efforts, the direction of

the trade-off is not obvious and may differ by salespeople.
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1.5 ESTIMATION

This section presents the estimation procedure. In the first stage, we estimate the
parameters of observable variables, apart from the structural parameters of agent pref-
erences, using Generalized Method of Moments (GMM). The remaining structural pa-

rameters are then recovered in the second stage using Maximum Likelihood (ML).

1.5.1 STAGE 1: GMM

In the first stage, we estimate the parameters governing the observed variables in
the sales response function in Equation (1.4). The structure of the unobserved term
wit = &; + et + &t — A& p—1 raises three challenges: (i) controlling for unobserved het-
erogeneity, a;; (ii) addressing the endogeneity problem caused by correlation between
lagged dependent variable, G;;—1, and unobserved heterogeneity, &;; and (iii) addressing
the serial correlation induced by the lagged idiosyncratic shock, A§; ¢—1.

The dynamic panel data methods (Arellano and Bond, 1991; Blundell and Bond,
1998) provide a practical approach to tackle issues (i) and (ii). At the heart of the
method is taking the first differences and utilizing the lagged dependent variables as
instruments. To tackle issue (iii), we restrict the use of invalid moment conditions with
regard to the lagged dependent variable (Chung et al., 2019; Hujer et al., 2005; Lee

et al., 2017). More formally, the following moment conditions are used:

E[GisAui] = 0,

EluitAgit—2] =0

fort =4,5,...,T and s =1,2,...,t — 3. The set of moment conditions are immune to
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the serial correlation in the error structure. In deriving the above, we use the fact that
unobserved sales effort e;; within wu; is orthogonal to ;s for s = 1,2,...,t—1 conditional
on s;; per the state evolution discussed in Section 1.4.3. That is, past performance §;s
influences the agent’s effort decision e;; only through the state evolution and, thus,
conditional on states, the orthogonality condition for §;s and e;; holds.

Regarding the number of sales calls and price promotions, we let the variables to
be predetermined—the variables are correlated with past idiosyncratic shocks but not
with current and future shocks. That is, the decisions on the call frequency (by the
agent) and price promotions (by the firm) reflect past shocks, however, are made before
current or future shocks are realized. The assumption leads to the following moment

conditions:

E[z;sAuy| = 0, for s <t-—2,

ElugAxiy 1] =0, for t = 3,4,...,T,

where x;; = {dj, zit} . The main advantage of above dynamic panel data methods is
that they yield unbiased estimates without having to rely on strictly exogenous instru-
ments. Given unbiased estimates for A, § and ~, the next stage recovers the structural

parameters of agent behavior.

1.5.2 STAGE 2: ML

The second stage estimates the structural parameters of the utility and sales response
functions. Using the utility function in Equation (1.5) and the choice-specific value func-
tion in Equation (1.6), one can obtain the expected value function EV(d, e, s) through

the inner loop in the nested fixed-point algorithm (Rust, 1987). More specifically, the
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inner loop iterates over the following function:

EV(dit, €it, sit) = Ee, 116,000 [V (Sit41) [ dits €3t sit
= / max {max {u(di7t+1, €i7t+1, Sz‘,t-i-l) + ,BEV(diﬂH_l, ei,t—l—l; Si,t—l-l)}} dgi,t-&-ldfi,t—i-l-
X . d; 11 €it+1
Eitr1 Jeipp1 dott )

Given the expected value function, one can infer the optimal level of call quality
el (d;), conditional on call frequency, by the level at which it maximizes w(d;, e, Sit) +
BEV (dit, €it, Sit). Subsequently, the agent’s choice probability of call frequency m(d;),

given states s;;, becomes

7(die) = Pr(dis]sit) = da <g(dit) — g(dit — L)> ’ (1.7)

dzzt — (dit —1)?

where g(d) = E[W (d)] —yVar[W (d)] — 6°(d)* + BEV(d) and ¢ denotes some arbitrarily
small constant. ¢4 denotes the p.d.f. of a log-normal distribution with location and
scale parameters #% and o , respectively.

The observed call frequency d;; and inferred call quality e;; enter the sales response
function in Equation (1.4). Then, the likelihood of an agent’s observations is com-
puted by combining Equations (1.4) and (1.7). Given the T-period observation of the
performance q;, number of sales calls dj, and state variables s;, the agent’s likelihood
becomes

T A

Li(S; ai, di, si) = [ [ e (log(dir) — log(gir)) - (i),
t=1

where the vector ; = {Hfl, 05, 0c, i, o, 0¢} is the set of structural parameters; dy is the
observed number of sales calls, and ¢;; is the observed performance. ¢¢ denotes the

p.d.f. of a normal distribution with mean zero and variance Jg.
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Agents belong to discrete segments, which accommodate unobserved and time-persistent
heterogeneity (Kamakura and Russell, 1989). Let salesperson i belong to one of K seg-
ments k € {1,..., K} with relative probabilities mj, = exp(\x)/Xx exp(Ax) and denote
the likelihood of parameters for salesperson i at time ¢, conditional on unobservable
segment k, as Ljx; = L(%|k). Then, the likelihood of the segment-level parameters

given the salesperson’s history is

T
Li(Qs ai, di, i) = my <H Likt) :
t=1

The sum over the unobserved states k € {1, ..., K} yields the likelihood of salesperson

K
L(Qqs, di,si) = > Lie(),
k=1
where Q = {Q1,...,Q} contains the segment-level parameters. Finally, the overall

log-likelihood over the N number of salespeople is
N N K T
> log (L(Q qi,ds,s5) = Y _ log <Z my, (H Likt)) :
i=1 i=1 k=1 t=1

1.5.3 MODEL DISCUSSION AND IDENTIFICATION

This section discusses identification in the study’s empirical context. The challenge in
identifying the agent’s utility function arises from limited variation in the firm’s man-
agement instruments, namely the compensation contract. To facilitate identification
under this restriction, we exploit the variation in an agent’s sales performance (g;) in
response to his or her state variables (s;;). An agent likely devotes greater sales effort

when he or she is close to meeting the quota (than when far from the quota) and,
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thus, the differences in sales performance at different distance-to-quota (DTQ) identify
sales effort (Misra and Nair, 2011; Chung et al., 2014, 2021a). Within an agent’s sales
effort, the variation in performance, given DT(Q and call frequency, identifies the unob-
served call quality, which, in turn, identifies the associated disutility (0¢). For instance,
suppose that there are two agents with the same states and number of calls, but one
shows higher performance than the other. This implies that the agent with higher per-
formance has lower disutility of call quality (and, thus, exerts more effort on quality).
The variation in observed number of sales calls given DTQ, identifies the disutility of
call frequency (Gd). Suppose that there are two agents with the same states, but one
makes more frequent sales calls than the other. This implies that the agent with fre-
quent sales calls has a lower disutility of call frequency. The within-agent variation in
call frequency identifies the variance of the disutility shock (o). If a salesperson’s call
frequency does not change much with changes in states, this implies low variance in the
disutility shock. The agent’s performance in bonus-paying periods identifies risk pref-
erence (7). A risk-averse agent would either over- or underachieve the quota to avoid
compensation uncertainty, whereas a risk-neutral agent would perform on par.
Regarding the sales response function, the variation in previous-period performance,
after accounting for possible endogeneity, identifies the long-term carryover rate ().
The remaining sales response function parameters (0 and ) are identified using the
variation in the number of calls and price promotion rates. The agent’s performance at
the states under which the agent has no incentive to exert sales effort—i.e., when the
agent is far below or above the quota—identifies the baseline ability (a)). The variation
in performance in the same states within an agent identifies the distribution of the

performance shocks (o).
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Variable Estimate
Sales response function

Goodwill carryover, A 0.257
(0.028)
Sale calls, 0 0.010
(0.003)
Promotion rate, p 0.748
(0.057)

Fixed effects Yes

Notes. Dependent variable: performance (sales/quota).
Fixed effects controls for individual states. Standard er-
rors are in parentheses. Significance at the 0.05 level

appears in boldface.

Table 1.5: Stage 1. GMM Estimates

1.6 RESULTS

This section discusses the results in the following order: (i) the parameter estimates
of the model and their implications; and (ii) the counterfactual analyses that address
the substantive questions of this study: how different control measures and marketing

instruments affect behavior and performance.

1.6.1 PARAMETER ESTIMATES

Tables 1.5 and 1.6 report the parameter estimates from stage 1 (GMM) and stage
2 (ML), respectively. Based on the Bayesian information criterion (BIC), the three-
segment model shows the best fit for the ML.

From Table 1.5, we find that the long-term effect of sales effort—i.e., the carryover

of customer goodwill—is 0.257. In the short-term, a unit increase in daily sales calls
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Estimate

Variable Segment 1 Segment 2 Segment 3
Utility function
Disutility of call quality, 6¢ 21.603 19.938 5.431
Disutility of call frequency
Location, ¢ -7.202 -7.618 -8.016
Scale, og4 0.397 0.537 0.853
Risk aversion, 0.001 0.002 0.001
Sales response function
Baseline performance, o -0.659
S.D. of idiosyncratic shock, o 0.290
Segment size, A 2.158 0.980 1.000

Notes. Significance at the 0.05 level appears in boldface. Standard errors are approximated by

inverse of the Hessian of the log-likelihood and are omitted from the table for brevity.

Table 1.6: Stage 2. ML Estimates

and a 1 percentage point increase in free products lead to 1.04% and 0.75% increase in
monthly performance, respectively.!!

Regarding the structural parameters in Table 1.6, the disutility of call frequency and
call quality range from -8.016 to -7.202 and 5.431 to 21.603, respectively. The disutility
parameters are small for segment 3 (hereafter referred to as the high-performance type),
representing the agents’ ease and flexibility to engage in selling activities. The estimates
are intermediate for segment 2 (hereafter referred to as the moderate-performance type)
and are large for segment 1 (hereafter referred to as the low-performance type). The
risk-preference is insignificant across the segments.

The share of the three segments and their descriptive characteristics are reported in

Table 1.7. Segment 1, the low-performance type, has the largest share, 44.37%; segments

' The percentage changes are calculated using exp(0.0104) — 1 and exp(0.0075) — 1 to account
for the log-transformed dependent variable.
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Characteristic

Variable Segment 1 Segment 2 Segment 3
Monthly base salary (USD) 1,578.88 1,584.39 1,658.31
Annual variable pay (USD) 5,291.19 7,471.17 9,065.61
Daily number of sales calls 14.58 15.86 15.66
Monthly promotional goods (% of sales) 28.09 28.66 25.76
Annual performance (sales/quota) 93.81 99.39 103.21
Meet annual quota (% of salespeople) 30.91 60.99 68.98
Segment size (%) 44.37 37.18 18.45

Notes. Base salary and variable pay are in U.S. dollars. The numbers are approximate for
confidentiality.

Table 1.7: Segment Characteristics

2 and 3 represent smaller shares of 37.18% and 18.45%, respectively. Consistent with
the parameter estimates in Table 1.6, segment 3 achieves the highest performance, with
the largest portion meeting the annual quota. Segment 2, the moderate type, falls short
on performance compared to segment 3 despite making similar number of sales calls.
The low-performance type falls short in every performance dimension compared to the

other segments.

1.6.2 COUNTERFACTUAL ANALYSES

This section shows the results of counterfactual simulations that address the key sub-
stantive question of this paper: how can a firm better control its sales force behavior?
The counterfactuals evaluate agents’ performance and compensation expenditure ac-
cording to changes in: (i) call planning, (ii) compensation, and (iii) price promotion
policies. The counterfactuals suppose that the firm is undertaking its policy design at

the beginning of 2017 (i.e., following the data observation period) with its portfolio of
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salespeople (N = 180). The basis for the changes is the current policy. For each new
regime, we simulate 200 paths per each individual-segment pair using the parameter es-
timates of the model. Then, we allocate individuals into each segment based on segment

probabilities. Finally, we aggregate performance and compensation.

BEHAVIOR-BASED vS. OUTCOME-BASED CONTROL

A challenge in call plan design is to specify the amount of discretion to give to salespeople
in determining the call frequency. Is it better to impose some mandatory number of calls,
using behavior-based control measures? Or is it better to provide stronger incentives, as
an outcome-based control measure, so that agents will voluntarily optimize their visits?
To this end, the first counterfactual exercise examines the role of behavior-based control
vs. outcome-based control on salespeople’s behavior. Table 1.8 depicts the performance
and compensation amount outcomes of the counterfactual simulations under the new
regimes.

First, the behavior-based control imposes a mandatory increase in the number of
daily sales calls by 1, 2, and 3 units (above the baseline) and keep everything else
constant. Naturally, the call frequency increases—but the mandatory figure does not
fully translate to the actual increase, since agents who nonetheless were to make extra
calls (by their own needs) subsume such increase.

Overall, imposing a mandatory number of calls increases the salespeople’s productiv-
ity. This raises an interesting question: if agents are indeed optimizing their behavior
(under the outcome-based compensation structure), why does behavior-based control
improve their performance? To understand the reason, recall that the agent’s optimal
decision depends on the net utility: positive monetary utility and negative disutility of

sales effort. By being constrained to make additional calls, the salespeople’s disutility
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Panel (a) Behavior-Based Control: Call Planning

Within Segment

Counterfactual Simulation Total Segment 1T Segment 2 Segment 3
Increase daily calls by 1
Annual performance 0.359 0.593 0.297 0.004
Call frequency 0.631 0.640 0.627 0.615
Call quality -0.774 1.367 -1.199 -1.689
Compensation Amount 1.906 4.417 1.736 0.063
Increase daily calls by 2
Annual performance 0.799 1.255 0.600 0.158
Call frequency 1.391 1.402 1.388 1.372
Call quality -1.680 2.271 -3.093 -3.061
Compensation Amount 4.243 9.633 3.567 0.212
Increase daily calls by 3
Annual performance 1.289 1.878 0.855 0.615
Call frequency 2.196 2.204 2.196 2.177
Call quality -2.445 2.188 -5.600 -3.323
Compensation Amount 6.754 14.869 5.098 1.087

Notes. The change in average performance, call quality and compensation amount are in

percentages; the change in call frequency are in numbers.

Table 1.8: Counterfactual Simulation #1: Behavior-Based vs.

Control
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Panel (b) Outcome-Based Control: Incentives

Within Segment
Segment 1 Segment 2 Segment 3

Counterfactual Simulation Total

Increase annual bonus by 5%

Annual performance 0.524 0.359 0.485 0.854
Call frequency 0.023 0.027 0.018 0.019
Call quality 3.902 4.821 3.542 3.596

Compensation Amount 2.688 3.429 3.100 1.815

Increase annual bonus by 10%

Annual performance 1.041 0.716 0.942 1.707
Call frequency 0.045 0.053 0.034 0.039
Call quality 7.775 9.688 6.835 7.232

Compensation Amount 5.267 6.670 6.015 3.633

Increase annual bonus by 15%

Annual performance 1.574 1.124 1.363 2.560
Call frequency 0.066 0.078 0.049 0.058
Call quality 11.738 15.232 9.807 10.855

Compensation Amount 7.988 10.504 8.690 5.462

Notes. The change in average performance, call quality and compensation amount are in

percentages; the change in call frequency are in numbers.

Table 1.8 (Continued): Counterfactual Simulation #1: Behavior-Based vs.
Outcome-Based Control
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increases, and their net utility remains lower than had the control measure not been im-
posed. Hence, despite the suboptimality from the salespeople’s perspective, their overall
performance and, thus, the amount of compensation they earn increase as a result of
behavior-based control.

Another notable result is that, although the call quality decreases for the moderate-
and high-performing groups, it actually increases for the low-performing group. For
the salespeople in the former group, more frequent calls increase their productivity,
which, in turn, reduces the marginal returns to call quality. Hence, the salespeople
in the two groups reduce their quality of sales calls. Then, why do the salespeople in
the low-performing group improve their call quality? This is because the performance
improvement (as a result of additional calls) keeps these salespeople to be on track
and prevents them from giving up. The resulting proximity to quota induces extra
motivation and, thus, the group of salespeople improve their call quality. In sum,
behavior-based control is more appropriate for the low-performing salespeople, reflected
by the more pronounced increase in productivity.

Next, we increase the bonus amount by 5, 10, and 15% and keep everything else
constant. Again, sales performance increases; however, there is a stark difference in
behavior compared to the case of mandatory visits. The agents make limited increase
in call frequency, but rather focus on call quality. Overall, it is the high-type segment
that benefits the most from the policy.

The experiment demonstrates the trade-off between imposing behavior-based (call
planning) vs. outcome-based (incentives) control measures. If the objective is to increase
the morale of its low-performing salespeople, the organization may be better off by
imposing behavior-based control measures such as mandatory increase in call frequency.

Conversely, if the organization seeks to boost performance of the success-driven, high-
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Within Segment

Counterfactual Simulation Total Segment 1 Segment 2 Segment 3

Increase daily calls by 3

Annual performance 1.289 1.878 0.855 0.615
Call frequency 2.196 2.204 2.196 2.177
Call quality -2.445 2.188 -5.600 -3.323

Compensation Amount 6.754 14.869 5.098 1.087

Increase annual bonus by 12.75%

Annual performance 1.340 0.945 1.175 2.187
Call frequency 0.057 0.067 0.042 0.049
Call quality 9.991 12.817 8.488 9.248

Compensation Amount 6.785 8.814 7.490 4.662

Notes. The change in average performance, call quality and compensation amount are in

percentages; the change in call frequency are in numbers.

Table 1.9: Counterfactual Simulation #1: Cost-Equivalent Policy Comparison

type salespeople, it should instead provide outcome-based controls such as stronger
incentives.

Though the results shown in Table 1.8 provide a practical tool for evaluating the
effectiveness of varying configurations of the two control measures, in practice, managers
often seek for a policy that offers the best possible outcome under a budget constraint.
As different policies entail different costs to implement, we normalize the cost factor
(i.e., compensation amount) to conduct a cost-benefit comparison of different policies.
The following analysis evaluates a scenario in which the allocated budget is aligned
with that of increasing 1 call per day (i.e., approximately 1.90% increase in annual
compensation). The case is equivalent to increasing the annual bonus by approximately
3.45%.

Table 1.9 depicts the relative effectiveness of corresponding policies: increasing the

number of daily calls by 1 versus increasing bonus amount by 3.45%. Overall, the
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resulting performance is slightly higher when the firm increases its annual bonus. Similar
to the above analyses, however, the target group of salespeople that are better motivated
varies across the two policies. Increase in mandatory visits guide the low-type agents to
perform better but its effect is limited for the high types, implied by the decreases in call
quality. In contrast, incentives are more effective toward high-type agents, providing

motivation to make better-quality sales calls and excel in performance.

REDUCING THE LEVEL OF PROMOTIONS

The next counterfactual simulation involves reducing the level of price promotions. The
high-level of free products was a problem that the focal firm was facing at the time. To
evaluate the consequences of price promotion on sales performance, we reduce its level
by 5, 10, and 15%. Table 1.10 shows the results. As anticipated, sales performance
decreases across all segments. However, we observe an unanticipated increase in sales
effort—both call frequency and quality—as the salespeople try to offset some of the loss.
Overall, the decrease in promotions harms the low-performance type the most, because
they have the least amount of necessary skills and, thus, have a hard time selling without
the added support.

Next, we try to recover the loss in performance using the two control measures: call
planning and incentives. We find that by increasing the daily number of calls by 1 and
increasing the bonus by 4.25% offsets the performance loss (i.e., net performance is close
to zero) from reducing free products by 10%.

Table 1.11 shows that, similar to the above findings, call planning helps the low-type
agents recoup their losses, while the high-type agents have limited gains. In contrast,
when the firm increases the bonus amount, the high-type agents recoup their losses,

though all three group of salespeople exert extra sales effort. In these two cases, however,
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Within Segment

Counterfactual Simulation Total Segment 1 Segment 2 Segment 3
Reduce promotions by 5%

Annual performance -0.218 -0.287 -0.163 -0.142
Call frequency 0.003 0.002 0.004 0.003
Call quality 0.384 0.182 0.682 0.344

Compensation Amount -1.191 -2.477 -0.915 -0.302

Reduce promotions by 10%

Annual performance -0.437 -0.575 -0.330 -0.282
Call frequency 0.005 0.003 0.008 0.006
Call quality 0.749 0.339 1.317 0.685

Compensation Amount -2.374 -4.926 -1.848 -0.595

Reduce promotions by 15%

Annual performance -0.655 -0.860 -0.498 -0.423
Call frequency 0.007 0.004 0.013 0.009
Call quality 1.119 0.505 1.948 1.033

Compensation Amount -3.555 -7.337 -2.816 -0.893

Notes. The change in average performance, call quality and compensation amount are in

percentages; the change in call frequency are in numbers.

Table 1.10: Counterfactual Simulation #2: Level of Promotion
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Within Segment
Segment 1 Segment 2 Segment 3
Reduce promotions by 10% + Increase daily calls by 1

Counterfactual Simulation Total

Annual performance -0.059 0.045 -0.023 -0.277
Call frequency 0.636 0.644 0.635 0.620
Call quality 0.105 2.065 0.182 -0.963

Compensation Amount -0.410 -0.408 -0.059 -0.634

Reduce promotions by 10% + Increase annual bonus by 4.25%

Annual performance 0.018 -0.265 0.095 0.455
Call frequency 0.025 0.027 0.024 0.023
Call quality 4.110 4.498 4.383 3.771

Compensation Amount -0.069 -2.058 0.894 0.967

Notes. The change in average performance, call quality and compensation amount are in

percentages; the change in call frequency are in numbers.

Table 1.11: Counterfactual Simulation #2: Maintaining Performance Level

overall compensation decreases even with comparable performance outcomes. Hence,
the experiments demonstrate how the firm can save on its overall compensation cost
by combining the price-promotion policy with the two control measures. Further, the
potential cost savings from reduced free-products distribution has yet to be accounted
for and is an additional benefit that the firm can reap.

In summary, the results demonstrate that in order to reduce the burden on excess
promotions, appropriate support is necessary to overcome the backfire from salespeo-
ple and their customers. Moreover, whether to use behavior-based vs. outcome-based
control depends on the type of agents the firm wants to reinforce behavior. Overall,
the analysis demonstrates the ability of the model to compare the effectiveness of var-
ious policies and conduct a cost-benefit analysis—and, thus, support organizations in

determining the sales management policy that best suits their desired objective.
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1.7 CONCLUSION

Designing and implementing an appropriate control measure, in a way that it aligns
the salespeople’s behavior with the objectives of the organization, is an important goal
of sales organizations. By properly controlling their sales force, organizations induce
greater sales effort from the salespeople while reducing the operating costs. This study
develops and estimates a dynamic structural model of sales behavior in response to
behavior-based and outcome-based control. To this end, the model incorporates various
elements of relational sales: sales call frequency and quality, customer goodwill, agent’s
ability, and price promotions. The study investigates the role of multiple management
levers, including compensation (outcome-based control), call planning (behavior-based
control), and product promotions (marketing instrument), on influencing salespeople’s
behavior. Substantively, this paper helps organizations on (i) understanding the be-
havioral implications of different control measures; (ii) assessing the long-term out-
comes of sales efforts; and (iii) evaluating the negative consequences of reducing price
promotions—and how different control measures can be utilized to offset the losses.
Collectively, this paper provides guidance to firms on the optimal design of their sales
management policies.

Several important managerial implications emanate from the study’s results. Im-
posing a stricter call plan (behavior-based control) that mandatorily increases the call
frequency helps improve overall sales performance. By being constrained to make more
calls, however, the quality of each sales call decreases for moderate- and high-performing
salespeople. Interestingly, though, the low-performing salespeople’s sales-call quality
actually improves—because additional calls help them keep closer to their quotas and,

thus, induce extra motivation. Overall, behavior-based control helps organizations sup-
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port the low-type agents’ productivity. In contrast, a stronger incentive (outcome-based
control) raises sales effort across all salespeople, with the high-performing salespeople
benefiting the most due to greater upside potential. In an effort to reduce excess operat-
ing costs, the focal firm steadily reduced its amount of promotional products distributed
over time. We assume the firm maintains this practice, and experiment the consequences
of reducing the level of price promotion. The results show that performance decreases
across all segments. However, agents increase their sales effort—in an attempt to recoup
some of their losses in compensation. Furthermore, by coupling reduced price promotion
with other control measures, the firm can effectively save on the operating costs with
minimal impact on performance.

This study has some limitations that open avenues for future research. First, our
empirical setting does not allow price promotions to be part of the salespeople’s de-
cision making. In other sales domains, however, salespeople may be given authority
over pricing and, thus, engage in bargaining or exhibit dynamic substitution across cus-
tomers (Mishra and Prasad, 2004; Karlinsky-Shichor and Netzer, 2019). For instance,
salespeople can provide lower prices when they are far away from quota and raise price
once closer; and/or make trade-offs between ease of bargaining today and customers’
lowered reference price tomorrow. Second, this paper considers the number of sales calls
as a proxy for behavior-based control. However, recent advances in artificial intelligence
and machine learning algorithms allow measuring and tracking unstructured individual
behavior, which would help organizations enrich their application of other higher-level
behavior-based control measures, such as mentoring and training. Finally, by using per-
formance records at the salesperson level, this study does not consider heterogeneity in
customer preferences. In practice, differences in customer behavior exist—for instance,

some customers exhibit greater inertia while others are myopic—which may influence
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salespeople’s behavior at a more micro level. Though not applicable in this paper’s
empirical setting, the aforementioned topics would provide exciting avenues for future
research.

In summary, this study offers a rigorous and practical framework for understanding
the role of behavior-based vs. outcome-based control measures on sales force behavior.
The policy insights help organizations better understand the implications of their man-
agement levers—compensation, call planning, and price promotions. We believe that
the study will guide sales organizations better control and motivate their sales force in

ways that benefit both parties alike.

50



The Effects of Sales Incentive Design on

Customer Relationship Management

2.1 INTRODUCTION

SALESPEOPLE CONNECT CUSTOMERS WITH ORGANIZATIONS. In doing so, they often
take on multiple customer relationship management (CRM) responsibilities: establish-
ing connections with potential customers, fulfilling various needs of existing customers,
identifying new sales opportunities for up- and cross-selling, preventing customer defec-
tions, and maintaining a profitable customer portfolio. The diversity of tasks becomes
more prominent in many business-to-business contexts, where salespeople take the role
of an account manager, providing a one-stop solution to all the customer’s needs. Sales-
people’s CRM tasks collectively foster the development of customer-organization rela-

tionships that are healthy and sustainable in the long run. In short, salespeople are de
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facto multitasking customer-relationship managers.

To control and motivate salespeople’s multiple tasks, many organizations design an
incentive plan that contains multiple components—each tailored to a different task.
A survey of 400 sales organizations finds that more than 88% combine two or more
performance components in their incentive plans—with the most-commonly used mea-
sures include sales revenue, account retention, number of new accounts, and customer
satisfaction (WorldatWork, 2021).

Designing a multi-component incentive plan primarily involves determining its two
primary attributes: (i) the weight and (ii) the structure. The weight attribute involves
assigning quota levels and tying “reward amounts” to each component. It governs how
challenging it is for salespeople to achieve each goal and, once achieved, how much re-
ward they should receive. The weights determine the ratio of potential benefits that
salespeople can achieve and, thus, the relative strength of motivation across different
tasks. For an incentive plan to function as desired, organizations should attach appro-
priate incentive amount to each task so that their motivational role remains intact.

The structure attribute involves choosing between “additive and multiplicative form”
for combining multiple components. It determines how component-wise rewards are con-
solidated into a total reward. The theory finds that an additive structure is more appli-
cable when the underlying tasks are independent (MacDonald and Marx, 2001). Under
an additive structure, salespeople view the tasks as substitutes and exert greater efforts
toward the tasks that they are relatively efficient at. In contrast, a multiplicative struc-
ture is adequate when an organization prefers salespeople’s efforts to be spread across
different tasks. This structure mitigates potential adverse specialization—focusing on
one’s specialty and neglecting others—caused by an additive structure and directs sales-

people to balance their efforts across the associated tasks.

92



The weight and structure of a multi-component incentive plan collectively deter-
mine salespeople’s degree of motivation and, thus, performance outcomes across multi-
ple CRM responsibilities. However, crafting an effective incentive plan is challenging.
Nearly 80% of U.S. sales organizations revise their incentive plan every two years or less
(Zoltners et al., 2012), which attests to the challenges and demonstrates the prevalence
of malfunctioning incentives plans in practice.

This study aims to understand how sales-incentive design affects salespeople’s behav-
ior and, as a result, their performance outcomes across various CRM tasks. By exam-
ining the implications of different incentive weights and structures, the study addresses
the following research questions: What is more effective at motivating salespeople: an
additive structure or a multiplicative structure? What are the benefits and risks of each
structure? How do relative weights on incentive components interact with the struc-
ture? What are the short- and long-term consequences of incentive design on a firm’s
CRM strategy?

There are three major challenges to understanding salespeople’s behavior in response
to a multi-component incentive design. First, a multi-component incentive plan, by de-
sign, involves arranging multiple tasks, weights, and structures into a collective system.
Because organizations typically adjust multiple components during their plan redesign,
a ceteris paribus evaluation of a component change using a quasi-experimental design
is limited. A researcher may consider a fully controlled field experiment to tease out
a treatment effect. However, conducting a series of experiments across many possible
combinations of weights and structures are difficult, if not impossible, in practice. Fur-
thermore, even if such a large number of experiments were possible, an incentive plan
is a system in which multiple components are intertwined; thus, an effect of a com-

ponent change under one incentive design will likely have different implications under

53



alternative arrangements.

Second, a researcher does not directly observe salespeople’s multi-dimensional ef-
forts; but only indirectly through the performance outcomes correlated with the efforts.
For multitasking salespeople, the underlying tasks are interdependent—some substi-
tute, while others complement one another—per the incentive plan. Hence, salespeo-
ple consider such dependence when allocating their unobserved efforts. Therefore, a
behavioral assumption on salespeople’s preferences—how they value the disutility of
multi-dimensional efforts—is necessary to link their financial motives to performance
outcomes.

Third, CRM metrics are often dynamic. Salespeople’s efforts today (e.g., an increase
in acquisition) may persist and affect their performance outcomes tomorrow (e.g., a
greater opportunity to cross-sell). Salespeople, knowing this, dynamically adjust their
efforts to invest for the future (by increasing effort) or harvest from the past (by de-
creasing effort). Failure to account for such dynamics may bias the disutility of effort
and, thus, the behavioral model needs to endogenize the dynamics surrounding CRM
metrics. In addition, the dynamics may cause performance outcomes to vary over time,
which may obscure long-term outcomes. Hence, for complete inference, a researcher
should recognize both the short- and long-term effectiveness of incentive design.

To address these challenges, this study formulates a dynamic structural model of a
sales agent’s behavior in response to a multi-component incentive plan. We collaborate
with a major micro-finance institution, which assigns its salespeople four CRM respon-
sibilities: acquisition, retention, cross-selling, and monetization. The firm operates a
multi-component incentive plan that combines additive and multiplicative structures.
Using naturally occurring field data on salesperson-level performance, we investigate

the short- and long-term implications of sales incentive design.
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A series of counterfactual simulations demonstrate the interrelated nature of multi-
tasking salespeople’s behaviors and how changes in incentive design leads salespeople to
reallocate their efforts across tasks. The findings offer the following managerial implica-
tions: (i) Providing additional incentives may not always prove beneficial. The increase
may create a negative spillover and decrease the performance of a substitute task. (ii) An
organization short on budget but wanting to promote a certain CRM task can achieve
its goal by wittingly creating a negative spillover through de-incentivizing a substitute
task. (iii) The dynamics of CRM metrics may generate long-term outcomes that are not
readily observed. (iv) Organizations should take extra caution when designing a mul-
tiplicative structure. The lack of motivation caused by an ill-conceived multiplicative
component may dampen all connected outcomes because of negative spillover.

The findings offer unique contributions to the literature on multitasking salespeople
and multi-component incentives (MacDonald and Marx, 2001; Kim et al., 2021; Chung
et al., 2021b). The multiplicative structure, a theoretically optimal contract for balanc-
ing effort and preventing adverse specialization, can serve as a double-edged sword. To
balance various efforts, the structure imposes a high degree of integration across tasks
and its success hinges on appropriate weight being tied to the focal task. However, if the
weight is inadequate, the negative effect spills over and demotivates all of the remaining
tasks—thereby causing the entire plan to fail.

The remainder of the study is organized as follows. Section 2.2 describes the insti-
tutional setting and provides model-free evidence that facilitates the model. Section
2.3 presents the dynamic structural model of a multitasking sales agent. Section 2.4
presents the results and counterfactual analyses that address the key questions of this

study. Section 2.5 concludes.
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2.2 EMPIRICAL SETTING

This section discusses the institutional details and data, the firm’s multi-component

incentive structure, and descriptive evidence that justifies model development.

2.2.1 INSTITUTIONAL DETAILS AND DATA

The focal firm is one of the largest microfinance institutions (MFI) operating in Latin
America, with more than 12,000 employees in 500 offices serving its 2.5 million customers
as of 2018. The firm offers a portfolio of banking services, including individual-credit
loans, group-credit loans, insurance products and savings accounts, through its own
direct sales force.

The data come from the firm’s individual-credit-loan division in Mexico. The main
customer base is small- and medium-sized enterprises (SMEs), which serves as the back-
bone of the local economy.! The SMEs in Mexico, due to their remote locations and
informal operations, have limited access to established brick-and-mortal financial ser-
vices. Consequently, the firm’s go-to-market and CRM strategies considerably depend
on door-to-door personal selling.

The firm’s individual credit loans (hereafter, loans), on average, have a principal
amount of $1,500,2 a year-long maturity period, and a monthly interest rate of 4.75% (an
annual rate of 75%). The high interest rate reflects the firm’s average loan-delinquency
rate of 20% and is typical for an MFI, which provides credit-based loans—i.e., without

any collateral—to customers with a limited credit profile. The firm’s high average loan-

! In 2016, approximately 99.8% of the entire businesses in Mexico were SMEs, accounting for
52% and 72% of the country’s gross domestic product (GDP) and employment, respectively.

2 The monetary figures in this paper are approximate for confidentiality and are reported in
U.S. dollars, converted using the exchange rate at the beginning of the data period (January
2016).
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renewal rate of 48.7% indicates how it prioritizes the CRM activities carried out by the
loan officers.

The loan officers (hereafter, salespeople) travel around in his or her territory to search
for prospective customers, contact and interact with them, and support them during
the loan-application process.> The salespeople also hold periodic meetings with active
clients to reduce the delinquency risk,* facilitate renewal of the near-maturity loans, and
to cross-sell insurance products. Hence, salespeople’s CRM responsibilities include (i)
acquiring new loans (acquisition), (ii) renewing existing loans at maturity (retention),
(iii) cross-selling other financial products (cross-sell), and (iv) managing the portfolio
risk to maintain healthy profitability (monetization).

The firm provides individual-specific quotas® on two performance metrics: (i) the
number of loan renewals and (ii) the number of cross-sold products. The former quota
is naturally derived from the number of loans maturing during the corresponding month.
The latter is set using market-level information such as the number of existing clients
and growth potential. The firm attempts to keep salespeople’s motivation intact by
updating the quotas objectively, rather than using past performance (commonly referred
to as “ratcheting” the quota). Section 2.2.3 provides descriptive evidence on the effect
of quotas on performance and the absence of quota-ratcheting.

The data consist of salespeople’s monthly performance and quota history during an

eleven-month period (February to December 2016). The performance records include

3 The firm has full discretion on loan approval. For each application, the firm performs com-

prehensive risk-assessment and screening, based on verifiable borrower information such as
business characteristics and credit history, to minimize potential risk. This setting contrasts
with Kim et al. (2021) in which salespeople decide whether to approve the loans and thus are
subject to moral hazard in the form of adverse loan selection.

A loan is considered delinquent if its repayment is delayed for more than 8 days.

The payout conditions within the incentive structure (see Section 2.2.2 for details) can also
be interpreted as quotas that are common across all agents.
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Metric Mean S.D. Min Max

Number of clients (V) 114.62  45.28 1 304
Performance
Change in clients (A), # 0.29 499 —-29 20
Loan renewals (R), # 4.81 3.54 0 23
Cross sales (C), # 7.79 5.55 0 34
Delinquency rate (M), % 4.60 4.95 0 100
Quota
Loan renewals (QF), # 9.68 5.30 0 43
Cross sales (QY), # 11.51 6.15 0 44
Renewal quota attained (R/Q%), % 48.32  24.81 0 100
Cross-sales quota attained (C/Q%), % 66.72  30.64 0 200
Number of salespeople 672
Number of observations 7,300

Table 2.1: Summary Statistics

the number of clients in the portfolio, N; the change in the number of clients, A (acqui-
sition),5 the number of loan renewals, R (retention), the number of cross-sold insurance
products, C' (cross-sell), and the rate of delinquent loans in the portfolio, M (moneti-
zation). The two quotas on loan renewals, QF, and cross sales, Q°, are also observed.
To minimize the initial learning curve and because the firm’s compensation plan applies
to agents who have been with the firm for more than 180 days, the analysis focuses on
those with a tenure of more than six months. After data cleaning, the final data set
consists of 7,300 monthly observations across 672 salespeople.

Table 2.1 provides summary statistics of the data. The salespeople, on average,
oversee 115 clients, renew 5 loans, and cross-sell 8 insurance products each month. Out
of their portfolio, 4.6% of the loans are delinquent with late payments each month. The

average change in the number of clients is subtle, however, there exists heterogeneity

6 Though we use the term acquisition for brevity, strictly speaking, the change in the number
of clients captures the net outcome of customer acquisition and defect.
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across agents in terms of customer acquisition and defect. On average, the salespeople

achieve 48% of their renewal quotas and 67% of their cross-sales quotas.

2.2.2 INCENTIVE PLAN

The salespeople’s incentive plan is multi-dimensionally designed around their four CRM
responsibilities: (i) new loan acquisitions; (ii) existing loan renewals; (iii) cross-selling
insurance products; and (iv) portfolio delinquency rate. The objective is to incentivize
the first three performance outcomes and to discourage the last. During the data ob-
servation period, the firm administered a change in incentive structure in June 2016.
Figure 2.1 illustrates an overview of the per-task incentive and Table 2.2 provides the
specifics of each phase. For each of the four categories, the payout is determined by the
respective performance condition. Then, the total incentive is calculated by adding or

multiplying the category payouts.

59



(a) Acquisition (14) (b) Retention (I%®)

700 200
180
600
160
500 140
2 £ 120
° 400 o
= 'z 100
g 300 g
2 £ 80
200 60
40
100
20
0 — T T T T T T 0O F 77777717
0 3 6 9 12 0 3 6 9 12
Performance (Count) Performance (Count)
C les (1€ d) Deli ™
C rOoSS Sales elinquency
120 120
110
100 100
90
8
80 i 80
&2 = 70
Q s
Z 60 =
: e
§ g 50
40 _g 40
30
20 20
10
0 —— — T T—T—T—T T T 0 -« T T T T T T T T )
0 3 6 9 12 o 1 2 3 4 5 6 7 8 9 10
Performance (Count) Performance (%)

Notes. The y-axis depicts the incentive amount (for acquisition, retention, and cross sales)
and incentive multiplier (for delinquency). Combined incentive amount is calculated by
(IA + I 4 I€) x IM. The x-axis depicts performance in numbers (for acquisition, retention,
and cross sales) and percentages (for delinquency). The monetary figures are converted to U.S.

dollars. The numbers are approximate for confidentiality.

Figure 2.1: Incentive Structure
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The structure during February to May 2016 (see Panel (a)), provides an independent
(additive) payout for acquisition, renewal, and cross sales. The condition for acquisition
payout (I A) is determined by the absolute change in the number of clients, whereas the
conditions for renewal (1) and cross-sales (I€) payouts are determined by the perfor-
mance relative to their respective quotas. The combined-three payouts then augment
with the delinquency payout (/™) in a multiplicative fashion. Such multiplier rewards
low-portfolio risk and penalizes high-portfolio risk.

The incentive structure from June to December 2016 (see Panel (b)) introduces several
modifications, most notable being a stronger emphasis on loan renewal. The renewal
incentive payout has increased significantly for higher conditions, along with a stricter
condition to fulfill. Perhaps more importantly, the condition for acquisition payout
(I") now augments with the rate of renewal quota achieved (R/Q') rather than the
acquisition performance (A) per se. Hence, generating a strong renewal outcome is
a prerequisite for earning the acquisition incentive, as well as the renewal incentive.
This also implies that, conversely, if one misses on the renewal performance, then the
consequences spill over to harm the other incentive. The other changes under the
second structure are relatively minor—the cross-sales incentive is weakened, and the
delinquency penalty is eased. In summary, the structure change attempts to promote
loan renewals, while slightly relaxing on the cross-sales and delinquency outcomes.

Table 2.3 provides an illustrative example of the incentive structure and calculation,
with the focus on comparing the two structures. Let there be two agents: Agent A
achieves 5 new loans and 3 renewals (strong-renewal scenario), and agent B achieves 7
new loans and 1 renewal (strong-acquisition scenario). Other performance and quota
figures are identical between the two agents. Under the first structure, agent B benefits

because of a strong acquisition incentive, despite the relatively low renewal incentive.
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Conversely, if the performance outcomes are obtained under the second structure, it is
now agent A who benefits from a strong renewal-quota achievement. However, the new

structure proves detrimental for agent B, as his or her low renewal outcome holds back

the acquisition incentive.
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2.2.3 DESCRIPTIVE EVIDENCE

This section presents descriptive evidence on the long-term effect of acquisitions, the

effect of quotas on performance outcomes, and the absence of quota ratcheting practice.

LoNG-TERM EFFECTS OF ACQUISITIONS

The institutional details in Section 2.2.1 discussed how a salesperson’s number of existing
customers (i.e., portfolio size) likely affects his or her CRM performance outcomes. For
instance, a salesperson with a large customer base may have a greater potential to
renew or to cross sell through periodic client meetings. However, such a large portfolio
may, in turn, make it more difficult to acquire additional customers. Here, we seek to
understand whether an agent’s portfolio size, captured by the number of customers,
affect his or her CRM performance outcomes and, if so, which ones. To address the
question, we regress each of the four performance outcomes (acquisition, renewal, cross

sales, and delinquency rate) on the number of customers by the beginning of the period.

Dependent variable Acquisition Renewal Cross sales Delinquency

(A) (R) (©) (M)
Number of Clients (N)  —0.027%%*  (0.030***  0.037*** 0.0001
(0.002) (0.001) (0.002) (0.000)
Agent fixed effects Yes Yes Yes Yes
Month fixed effects Yes Yes Yes Yes

Notes. Coeflicients for agent and monthly fixed effects omitted for brevity. Standard errors,

clustered at the agent level, are reported in parenthesis. * p<0.10; ** p<0.05; *** p<0.01.

Table 2.4: Portfolio Size and Performance

Table 2.4 shows the results of the regression analyses. The number of customers

(N) has a negative and significant effect on acquisition performance (A), and positive
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and significant effects on renewal (R) and cross sales (C) outcomes. The results verify
that, consistent with the previous discussion, agents’ portfolio sizes indeed affect their
performance outcomes. The finding also implies the countervailing dynamics embedded
in agents’ decision making—if an agent exerts his or her effort toward acquiring new
customers today, the resulting increase in portfolio size may (i) reduce tomorrow’s payoff
by making acquisition more challenging and (ii) yield a greater payoff tomorrow from
stronger renewal and cross-sales opportunities. To better understand such dynamics
and their effects toward firms’ CRM strategies, we include the number of customers in

the agents’ performance response functions.

EFrFECT OF QUOTAS ON PERFORMANCE OUTCOMES

This analysis examines the effects of renewal and cross-sales quotas on their respective
performance outcomes. Table 2.5 shows the results of regression analyses with each
of renewal (R) and cross sales (C) outcomes as the dependent variable and respective
quotas (QR and Qc) as the explanatory variable. The results show that the quotas each
are positively and significantly correlated with their respective performance outcomes.”

This implies that quotas serve as meaningful predictors for performance and, thus, we

model agents’ performance outcomes as a function of their respective quotas.

" The correlations can arise from a number of factors, e.g., the presence of quotas may serve
as a strong motivator, and the quotas account for unobserved market characteristics that, in
turn, also affect performance.
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Dependent variable Renewal (R) Cross sales (C)

Renewal quota (QF) 0.475%%* -
(0.004)
Cross-sales quota (Q°) - 0.682%+%
(0.004)
Agent fixed effects Yes Yes
Month fixed effects Yes Yes

Notes. Coefficients for agent and monthly fixed effects omitted for brevity.
Standard errors, clustered at the agent level, are reported in parenthesis.
* p<0.10; ** p<0.05; *** p<0.01.

Table 2.5: Quota and Performance

ABSENCE OF QUOTA-RATCHETING PRACTICE

In Section 2.2.1, we discussed how the firm updates the quotas in an objective manner
as a means to maintain salespeople’s morale. This section verifies the claims and shows
evidence that quota-ratcheting practice (i.e., updating agent’s quota based on his or her
past performance) is not present under the current empirical setting. Table 2.6 reports
the regression analyses for each of the two quotas, renewal and cross sales, as the de-
pendent variable and lagged performance and lagged quota as the explanatory variable.
The results find that the lagged performance variables are insignificant—implying the
limited role of past performance on future quota updating—once the respective lagged
quota, which serves as proxy for market potential, is controlled for. Hence, we treat
quota updating as an objective firm-level decision that is exogenous to agents’ perfor-

mance outcomes.
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Dependent variable Renewal Cross-sales
quota (@) quota (Q°)

Lagged renewal (R;_1) —0.049 -
(0.026)
Lagged renewal quota (QF ;) 0.21 7K -
(0.018)
Lagged cross sales (Cy_1) - 0.011
(0.022)
Lagged cross-sales quota (QY ;) - 0.178%**
(0.020)
Agent fixed effects Yes Yes
Month fixed effects Yes Yes

Notes. Coefficients for agent and monthly fixed effects omitted for brevity.

Standard errors, clustered at the agent level, are reported in parenthesis. *

p<0.10; ** p<0.05; *** p<0.01.

Table 2.6: Ratcheting of Quota

2.3 MODEL

This section presents a model of sales agent’s actions in response to the firm’s incentive
structure. Because of the dynamic nature of loan acquisition and retention, agents’
actions de facto augment the firm’s CRM strategy. The discussion proceeds in the
following order: (i) performance response; (ii) per-period utility; (iii) evolution of state
variables; (iv) firm’s compensation structure; and (v) dynamic allocation of the agent’s
sales effort.
An agent’s performance metrics—acquisition, retention, cross-selling, and profitability—

are determined by his or her effort toward each task. The agent derives disutility from
exerting such efforts and positive utility from compensation. Compensation is a non-

linear function of the multi-dimensional performance. The effect of acquisition is long-
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lasting and, thus, the agent exhibits forward-looking behavior to maximize current and

future payoffs.

2.3.1 PERFORMANCE RESPONSE

Agent i’s performance in period ¢ comprises of four components: (1) change in the
number of clients, A;; (acquisition); (2) the number of loan renewals, R;; (retention);
(3) the sales of insurance products, Cj (cross-selling); and (4) the rate of delinquent
loans, M;; (monetization). The following response functions determine the respective

outcomes:

A = —Qﬁ + 6{}/(8“) + Oéf1 - Ni + f{?,
log(Rit + 1) = log(eg(sit)) + a{% - Nj + a§ . f} + §ff, 2.1)
log(Cit + 1) = log(ef (sit)) + af - Ny + af - Q5 + &5,

log(M; + 1) = —log (el (sit)) + i’ - N + &}

A

The agent’s multi-dimensional efforts toward acquisition e;, retention eg, Cross-
selling eg, and monetization ef\t/[ positively affect the outcomes but accompany disutility
(see Section 2.3.2 for details). The negative effort toward monetization reflects agent’s
desire to reduce portfolio delinquency rate. The portfolio size at the beginning of the
period, N;, augments with the agent’s efforts to shift performance. In acquisition, Aj,
the monthly renewal quota (i.e., the number of loans maturing in that month), Qﬁ,
is subtracted to account for naturally occurring defect. For retention, R;, and cross-

selling, Cj;, the applicable monthly quota Qf and Qg, respectively, act as additional

performance shifters. The log-linear specification of R;;, C; and M;; allows the agent’s
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performance outcomes to be non-negative, consistent with the empirical setting.® The
agent does not observe the idiosyncratic shocks 552;) before making his or her effort
decisions but is aware of their distribution, which follows N (0, 027(.)).

The performance response functions in Equation (2.1) associate the agent’s unob-
served efforts with observed customer metrics. The multi-dimensional outcomes col-
lectively determine the agent’s amount of compensation (incentive), which, in turn,

determines his or her level of utility.

2.3.2 UtTIiLITY

The agent derives utility based on compensation and multi-dimensional effort such that

Uit = Uleqr, sit) = M(Wigleir, sit) + Cles, el e, e, (2.2)

where M (Wilei, sit) is the positive pecuniary utility from compensation, Wy, and
C (ef}, el eg, eM) is the disutility from exerting multi-dimensional effort.

The utility function in Equation (2.2) is ex-post in the sense that the performance
shocks 52-(3 in Equation (2.1), which affect the performance outcomes and thus compen-
sation, are not realized at the time of agent’s effort decisions. Hence, the agent makes
his or her effort decisions based on the expected amount of compensation W, condi-
tional on effort and his or her current states. This leads to the ex-ante utility function
given by

Uit = Uleit, sit) = E[M (Wit|eit, sit)] — Cleir), (2.3)

where e;; collects the multi-dimensional effort into a vector, e;; = {83, eﬁ, ei(’;, e% .

8 The log-transformation of efforts allow comparing their disutilities by normalizing the units.
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The pecuniary utility M takes the form of logarithmic utility” such that
M(Witlei, sit) = log(Witleit, sit),

where the vector of state variables s;; contains information related to compensation,
including an agent’s portfolio size as well as monthly quotas for loan renewal and cross-
selling (see Section 2.3.3 for details).

The disutility C' is convex in both (i) efforts associated with each task and (ii) com-

bined effort such that
Clew) = {0e)? + 6F (ef)? + 605 (€9)? + M (el)2V?

where parameters GZA, HZR, Gic and QZM capture the disutility from acquisition, retention,
cross-selling and monetization, respectively. The former convexity captures the dimin-
ishing returns to each task’s effort and the latter convexity accounts for the interdepen-

dence of tasks under limited resources.

2.3.3 STATE VARIABLES

The agent’s state variables associated with compensation include three components: (1)
the total number of clients, N;; (portfolio size); (2) monthly quota for loan renewals, Q%
(retention quota); and (3) monthly quota for insurance products, Q¢ (cross-sell quota).
The vector s;; = { Ny, ﬁ, Qg} collects the three state variables.

Among the state variables, we model portfolio size to evolve over time—based on the

9 The logarithmic utility implies constant relative risk aversion (CRRA) with the Arrow-Pratt
measure of relative risk aversion Rr(W) =1 (Arrow, 1971; Pratt, 1964).
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descriptive analyses in Section 2.2.3—such that:

Niti1 = Ny + Ai.

The state evolution captures the dynamics surrounding present utility (associated with
current-period compensation) and expected future utility (associated with later-period
compensation). Exerting extra acquisition effort not only increases the probability of
a larger acquisition bonus in the current period, but also affects future outcomes—
either positively or negatively—because the portfolio size evolves based on the agent’s

acquisition outcome and, in turn, affects performance outcomes per Equation (2.1).

2.3.4 COMPENSATION

The agent receives compensation Wy = W (A, R, C’it,Mit|Q§, Qg) based on perfor-
mance outcomes conditional on quotas. Compensation W;; comprises of incentives as-
sociated with the four outcome categories: (1) acquisition incentive, I'; (2) retention
incentive, If; (3) cross-sales incentive, I¢; and (4) monetization incentive/discount

multiplier, IM. The structure of compensation is additive in the first three components

and multiplicative in the portfolio risk in the following form:

Wi = (I + I + I7) - IM.

More formally, the components I, I, I¢ and IM are as follows (illustrated based

on February-May incentive structure):

1. Acquisition incentive: Payout is based on the change in the number of clients,
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0, if Ay <2,

Ay x40,  if3< Ay <T,
Ay x 45, if 8 < Ay < 10,
Ay x50,  if 11 < Ag.

2. Retention incentive: Payout is based on loan renewals, R;;, relative to quota, Qf}

R X 8, if Ri/QF < 50%
If =< Ryx11,  if50% < Ry/QE < 60%,
R x 14, if 60% < Ri/QX.

3. Cross-sales incentive: Payout is based on insurance products sold, Cj;, relative to

quota, Qg.

0, if Ci/QY < 40%,
Cit x 3,  if 40% < Ci/QS < 60%,
Cyt X 6, if 60% < Ci/QS < 80%,
Ci X 8, if 80% < Ci/QS.

If =

4. Monetization incentive/discount: Payout is based on the rate of delinquent loans,

M.

120%, if My < 2.0%,
100%, if 2.0% < M < 3.5%,

M =2{ 70%, if 3.5% < My < 5.0%,
50%, if 5.0% < My < 6.0%,
10%, if 6.0% < M.
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The category incentives I, IF, I¢ and IM are common across all agents but varies
over time as illustrated in Section 2.2.2.1° The vector v;; = {IA, IF, IC, IN} collects

the four components that represent the firm’s compensation structure.

2.3.5 DYNAMIC ALLOCATION OF ACTIONS

The course of agent’s actions, compensation plan and state transitions naturally stim-
ulate a dynamic structural model. An agent dynamically optimizes multi-dimensional
effort e;;, maximizing the sum of current and future payoffs. The value function is

defined as the agent’s discounted present value of the expected utility stream, such that

Sit]

Z 5Tt {max Uleir, Siq—)}

e
T=t+1 T

‘N/(Sz‘t) = E

Z 57t {max Ul(eir, siT)}

€ir
T=t

= max {U(eit, sit) + E

€it

€it, Sit] } )

where U (e, sit) is the utility function in Equation (2.3) and ¢ denotes the discount
factor.!’ The agent makes an infinite sequence of optimal effort (e : 7 = t,t +1,...)
that maximizes the value of the expected utility flow. The expectation is taken with
respect to the distribution of the performance shock &; for 7 > ¢ 4 1.

The choice-specific value function, representing the discounted present value of effort

10The components for June-December incentive structure can be derived analogously. The
model is applicable to a wide class of nonlinear compensation schemes beyond the illustrated
institutional setting.

1 The discount factor is fixed at § = 0.90.
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choice e is defined as:

V(eit, sit) = Uleir, sit) + E

Z 57t {max Ul(eir, siT)}

e
T=t+1 ”

€it, Sit] . (24)

In each period, the agent incorporates the information contained in his or her current
states to evaluate the future outcome of effort (e;).

The agent’s optimal effort policy is given by:
e;, = e(sy) = arg max{V (e, si)}
e

That is, the agent chooses the optimal level of effort e;; that maximizes the discounted
stream of expected utility flow, conditional on the current states.

The dynamic construction in Equation (2.4) illustrates two main trade-offs that gov-
ern the agent’s behavior. First, the agent’s efforts incur disutility but positively affect
present payoff. By the performance response functions in Equation (2.1), the agent’s
efforts e;; are stochastically linked to performance outcomes, A;;, Rit, Ci and M;:. The
performance outcomes, in turn, are linked to compensation in the concurrent period.
Second, the agent’s acquisition effort eﬁ indirectly affects future payoff through the evo-
lution of portfolio-size state, N; ;41 = Ny + Aj. Thus, exerting extra acquisition effort
not only increases the probability of a large acquisition bonus in the current period, but
also affects future performance outcomes, A; 11, Rii+1, Cit+1 and M; 41, and thus

future compensation.
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2.3.6 ESTIMATION

The estimation obtains the structural parameters of the utility and performance re-
sponse functions. Using the utility function in Equation (2.3) and the choice-specific
value function in Equation (2.4), one can obtain the expected value function EV (e, s)
through the inner loop in the nested fixed-point algorithm (Rust, 1987). More specifi-

cally, the inner loop iterates over the following function:

EV(eit, sit) = Be, oy [V (€iir1, Sipr1)leits si

= / max {U(€; 11, 8it+1) + OEV(ei 41, Sit+1)} dSipr-
&it+1

€it+1

Given the expected value function, one can infer the optimal level of efforts e}, by the
level at which they maximize U (e;, sit) +dEV (ei, sit). Subsequently, the inferred efforts
e}, enter the performance response function in Equation (2.1). Then, the likelihood of
an agent’s observations is computed by the distribution of Equation (2.4). Given the
T-period observation of the performance q; and state variables s;, the agent’s likelihood

becomes

LZ(QZa qdi, Si) = H H Peq (qut - ta) 5

t:1 qe{A7R7C7M}

where the vector w; is the set of structural parameters and ¢§;; is the observed perfor-
mance. ¢, denotes the p.d.f. of a normal distribution with mean zero and variance

O'g’q per task ¢ € {A,R,C, M}.
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2.4 RESULTS

This section presents the results in the following order. First, we show the parame-
ter estimates of the model. Next, we present the counterfactual analyses and discuss
their implications, with a focus on addressing the substantive questions of this study:
How does sales incentive design affect organization’s CRM performance (acquisition,

retention, cross-selling, and monetization) in the short- and the long-terms?

2.4.1 PARAMETER ESTIMATES

Table 2.7 reports the parameter estimates of the model. Regarding the utility function,
the disutility estimates are 0.130, 1.505, 1.731, and 0.697, respectively for acquisition,
retention, cross-sales, and monetization efforts. The results show that the per-unit
disutility is small for acquisition, reflecting the agents’ flexibility in exerting effort toward
that task, and grows for retention and cross-sell.!?

Regarding the acquisition response function, the beginning-of-period portfolio size has
a negative effect on acquisition. Intuitively, an agent with a high market penetration
would likely find it more challenging to tap new clients. The quotas for retention
and cross-sell, which controls for market potential, both are positive and significant.
Portfolio size has a positive effect on retention performance because a higher number of
clients eventually grow into a bigger pool due for renewal.!3 Conversely, portfolio size

has a mild negative effect on cross-sell performance, contrasting the evidence in Section

12 Because acquisition is defined as the change in the number of clients, a renewed loan counts
both as acquisition and retention outcomes. Hence, the disutility of retention, in the current
empirical context, reflects agents’ incremental cost to retain a customer.

13 Retention performance is positively related to portfolio size because it is measured in counts.
The portfolio-size implication may differ in other settings, e.g., if retention performance is
measured relative to quota achievement.
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Parameter Estimate

Utility function

Disutility of acquisition effort 0.130

Disutility of retention effort 1.505

Disutility of cross-selling effort 1.731

Disutility of monetization effort 0.697
Acquisition response

Portfolio size —0.005

S.D. of performance shock 9.100
Retention response

Portfolio size 0.001

Retention quota 0.061

S.D. of performance shock 0.505
Cross-sell response

Portfolio size —0.001

Cross-sell quota 0.141

S.D. of performance shock 0.615
Monetization response

Portfolio size —0.000

S.D. of performance shock 0.041
Log-likelihood —26,198
BIC 52,522

Notes. Significance at the 0.05 level appears in boldface. Stan-
dard errors are approximated by inverse of the Hessian of the

log-likelihood and are omitted from the table for brevity.

Table 2.7: Parameter Estimates
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2.2.3. This implies that, once agents’ cross-sell effort is considered, the portfolio size
negatively affects performance because those who need to manage a large client pool

likely have less per-customer time and opportunity to engage in cross-selling tasks.

2.4.2 COUNTERFACTUAL ANALYSES

This section discusses the results of several counterfactual simulations, which evaluate
the changes in agents’ behavior and outcome in response to alternative incentive poli-
cies. The counterfactuals suppose that the firm is undertaking its policy design at the
beginning of 2016 (i.e., beginning of the data observation period). Agents’ per-period
quotas are set constant at their respective values in 2016. The basis for the changes
is the February-May policy (hereafter, benchmark policy). For each new regime, we
simulate 200 paths per individual using the parameter estimates of the model.

The simulation procedure is as follows: (1) Compute the value function using the es-
timated parameters. (2) Given agent’s state, infer unobserved efforts across the tasks—
the value at which they maximize the value function. (3) Using the inferred efforts and

states, stochastically derive agent’s performance outcomes.

ADJUSTING THE INCENTIVE AMOUNT

A challenge in multi-component incentive design is to determine the optimal weight
across different tasks. One might intuitively expect that increasing a task’s incentive
amount unequivocally promotes positive behavior and, thus, outcomes. However, this
intuition does not always hold because the tasks are interdependent: under an additive
(a multiplicative) structure, the underlying tasks serve as substitutes (complements).

Further complications to predicting the outcomes arise due to varying level of disutility

79



across tasks, as well as the dynamics surrounding CRM metrics.

Hence, the first counterfactual analysis examines the causal outcomes of adjusting the
incentive amounts. Specifically, we change the incentive amount tied to each task, while
keeping other components constant. For each policy, we simulate and aggregate agents’
performance over a one-year horizon. Table 2.8 details the changes and the resulting
performance outcomes across the four tasks, as well as the firm’s compensation expense

incurred due to the change, represented by the average annual incentive.
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Panel (a) increases the acquisition incentive by $5, $10, and $15 per unit'* and keeps
everything else constant. As anticipated, acquisition performance improves. However,
the renewal and cross-sales performance falls, and the delinquency performance improves
(i.e., the rate decreases). For acquisition, the incentive structure is additive in renewal
and cross sales, and multiplicative in delinquency. Hence, the agents shift their effort
from substitute tasks (renewal and cross sales) toward the focal task (acquisition) and
its complementary task (delinquency). Hereafter, we use the term structure effect to
collectively refer to the substitutability and complementarity arising from additive and
multiplicative structures, respectively.

The results of increasing the retention and cross-sell incentives (see Panels (b) and
(c)), in large, exhibit comparable structure effect—increasing the incentive amount on
a task generally reduces performance of the substituting two tasks and improves the
complementing delinquency rate.

Panel (d) shows the results of increasing the delinquency incentive by 25, 50, and 100%
while keeping other incentives constant. Because delinquency is multiplicative on other
three tasks, agents’ extra motivation spills over to other tasks by the structure effect.
The magnitude of spillover toward each task depends on the task’s relative marginal
costs (i.e., disutility) of exerting effort and possible pecuniary benefits in return. Hence,
the acquisition outcome improves because of high per-unit return and low disutility of
effort, followed by the retention outcome.

Throughout Table 2.8, however, we also observe a few inconsistent patterns that do
not comply with the structure effect. For instance, increasing the retention incentive

by $10 or $15 actually improves acquisition—which is a substitute task (see Panel (b)).

4 The increase applies to positive incentive amounts under the benchmark policy (i.e., if the
number of acquisitions, A > 3).
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Also, increasing the delinquency incentive decreases cross-sales—which is a complemen-
tary task (see Panel (d)).

The inconsistencies arise because of the dynamics surrounding the CRM metrics,
which we term the CRM-dynamics. As discussed in Section 2.3.3, an agent’s acquisition
effort today, by the evolution of portfolio-size state (i.e., the number of clients), persists
and affects performance outcomes tomorrow. Such effect is positive for future retention
and negative for future acquisition and cross sales (per the parameter estimates in
Section 2.4.3).

To better understand the interplay between the two forces—the structure effect and
the CRM-dynamics—Table 2.9 shows the ratio of inferred effort levels, comparing the
alternative policies to the benchmark. From Panel (b), we find that the acquisition effort
initially decreases as retention incentive increases. Hence, the structure effect is in order,
and agents direct their extra efforts toward retention (and delinquency). However, as
retention incentive grows further, acquisition effort grows because (i) exerting additional
retention effort is costly and (ii) by exerting (the relatively less costly) acquisition effort,
the prospects of future retention incentives increase. Consequently, the CRM-dynamics

effect dominates, and acquisition performance improves over the benchmark.
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A similar logic holds when increasing the delinquency incentive/penalty. Panel (d)
shows how the structure effect increases effort across all multiplicative tasks, includ-
ing cross sales. Initially as the incentive grows, much of the effort shift is geared
toward acquisition which, in turn, dampens future cross-sales outcomes. Hence, the
CRM-dynamics kick in and, on average, the cross-sales outcome decreases. However,
as the delinquency incentive grows further, the marginal gains from acquisition effort
erode and, eventually, agents increase their cross-sales effort—i.e., the structure effect

dominates—yielding positive performance.'

THE LONG-TERM EFFECTS OF INCENTIVE DESIGN

The preceding section accounts only for aggregate performance outcomes. To assess
the long-term implications of incentive design, this counterfactual simulation examines
performance outcomes at the monthly level over a two-year horizon. The focal policy
is increasing the acquisition incentive by $10 (i.e., the second policy in Panel (a), Table
2.8). The case demonstrates the interdependence between acquisition and retention, as
well as current and future acquisition.!

Figure 2.2 depicts long-term performance outcomes across the four tasks. The dark
solid line shows the focal policy outcomes and gray dotted line shows the benchmark.
Intuitively, acquisition performance increases in response to the additional reward (see
Panel (a)). Initially following the change, a strong structure effect stimulates agents

to align their effort toward acquisition and its complementary delinquency task, and

away from substitute retention task. As a result, delinquency performance improves,

15 A 100% increase in delinquency incentive is for an illustrative purpose. In practice, such a
policy would involve excess costs to the firm as evidenced by the last line in Table 2.8.

16 The results are robust to alternative acquisition incentive amounts and adjusting the retention
incentive.
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Figure 2.2: Counterfactual Analysis: Long-Term Effects of Incentive Design
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and retention performance drops during the early months (see Panels (b) and (d)).

As time passes, however, the initial gap between the focal policy and the benchmark
evolves. It narrows for retention and widens for cross sales and delinquency tasks. Such
developments are attributable to the CRM-dynamics effect. An increase in acquisition
performance accumulates and grows the agents’ portfolio size over time. On the one
hand, this yields a positive effect on future retention, narrowing the gap as shown in
Panel (b). Eventually, the focal policy outperforms the benchmark in terms of retention.
On the other hand, the portfolio size growth adversely affects future cross sales and, as
a result, the performance gap widens over time in Panel (c). Combining these effects,
the focal policy’s net impact on overall acquisition, retention, and cross-sales incentives
(i.e., sum of additive components) grows over time. Hence, to take advantage of the
additional incentives, agents’ motivation to invest in delinquency task also grows and,
thus, expands the performance gap (i.e., delinquency rate further improves) over time

as shown in Panel (d).

2.4.3 MANAGERIAL IMPLICATIONS

Several important managerial implications for sales incentive design emanate from the
counterfactual analyses. First, an organization’s strategy to promote a certain CRM
task by increasing its incentive amount may inadvertently generate a negative spillover
toward other tasks. Specifically, salespeople reallocate their effort away from the un-
promoted tasks, thereby harming the performance outcome of the other tasks. This
is especially the case when the promoting task’s incentive forms an additive structure
with the rest.

Second, and relatedly, an organization that is short on budget but wanting to mo-

tivate a specific task can achieve its goal by de-incentivizing a substitute task. For
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instance, the focal firm, by reducing the retention incentive by $5 per unit, can expect
a 0.40-unit increase, on average, in acquisition performance (intuitively, the retention
performance drops). The firm also saves $167 spent on annual compensation expenses
per salesperson. Therefore, the two seemingly countervailing objectives—promoting a
task while saving costs—can be achieved by exploiting effort substitution arising from
an additive incentive structure.

Third, organizations should be cautious about the repercussions of an ill-conceived
multiplicative structure. In Section 2.4.2, we observed how a multiplicative structure
induces spillover of agents’ efforts (the structure effect). By increasing the incentive
amount tied to a multiplicative component, an organization can expect improvements
on all associated tasks. This implies, conversely, that decreasing the incentive amount
may result in severe consequences because doing so dampens all other outcomes. More
broadly, mis-setting an element in a multiplicative component (e.g., a poorly set quota,
inadequate incentive amount) may induce negative spillover that demotivates multiple
tasks. Hence, organizations should carefully design a multiplicative structure—and use
field experiments or structural economic methods to evaluate any possible shortcomings.

Last, an organization should consider the long-term implications of their incentive
design. Specifically, the dynamic effects brought about by the linkage across CRM
metrics may yield outcomes that are not readily observed in a short period of time.
Such dynamics, in conjunction with the incentive structure, determine salespeople’s

behavior and thus performance outcomes.
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2.5 (CONCLUSION

Designing a multi-component incentive plan is an elaborate process that requires under-
standing of the underlying tasks, the organization’s desired outcomes, and salespeople’s
behaviors associated with those tasks. The weights and structures embedded in a multi-
component incentive plan collectively determine the salespeople’s degree of motivation
and, thus, performance outcomes across multiple CRM responsibilities. If properly de-
signed, the incentive plan effectively aligns salespeople’s behaviors with organizational
objectives, benefiting both parties alike.

To this end, this study develops and estimates a dynamic structural model of salespeo-
ple’s behavior in response to a multi-component incentive plan. The model incorporates
multiple tasks underlying CRM: acquisition, retention, cross-selling, and profitability.
The study investigates the short- and long-term effects caused by an alternative incen-
tive design, which varies the structure (i.e., additive vs. multiplicative) as well as the
weight (incentive amount) attached to each component. The analysis shows ways in
which multitasking salespeople’s behaviors are interrelated and how salespeople shift
their efforts across tasks in response to alternative incentive design. The results demon-
strate: (i) how a stronger incentive on one task can lead to lower performance on other
tasks; (ii) ways to promote a task while reducing overall compensation costs; (iii) the
long-term CRM implications of incentive design; and (iv) the risks associated with inad-
equately designed multiplicative structure. This study contributes to the multitasking
incentive literature by demonstrating how a multiplicative structure may serve as a
double-edged sword and how attaching a multiplicative structure to rewards and an
additive structure to penalties better motivate salespeople.

Substantively, this paper helps organizations (i) evaluate the effects, and possible
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tradeoffs, of choosing an additive vs. a multiplicative structure; (ii) understand how
multiple incentive components interact with salespeople’s behavior and how they real-
locate effort in response to a new plan; and (iii) recognize the importance of a thoughtful
incentive design, which affects both the short- and the long-term CRM outcomes. Col-
lectively, this study provides guidance to organizations on the optimal design of their
multi-component incentive plans.

In summary, this study offers a relevant, yet practical application to understand the
implications of multi-component incentive design. We believe that the results will guide
sales organizations better design an incentive policy that benefits the organization, its

salespeople, and its customers in both the short- and the long-term.
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