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1 Introduction

Salespeople are instrumental in facilitating sales and determining profit margins in both retail and

business-to-business markets. As of 2019, over 10% of the U.S. workforce was employed in sales

and 5% of the U.S. GDP was spent on selling-related activities (Misra 2019). Extant empirical re-

search has studied how features of a salesperson’s compensation that make commissions non-linear

in revenue, for example commission rates and sales quotas, motivate them to be more productive,

better aligning their incentives with the firm. Barring a few exceptions, this stream of research

has focused on settings in which prices are fixed. However, in majority of business-to-business

(B2B) settings and a number of business-to-consumer (B2C) settings, salespeople are charged

with negotiating with consumers to determine the final price.1 Examples of such settings include

durable goods markets for retail products in the home appliances, automobiles, and home electron-

ics categories, and B2B markets such as office supplies, pharmaceutical drugs and equipment, and

manufacturing input markets.2 In these situations, salespeople can boost sales by offering bigger

(than optimal) price discounts, which can decrease firm profits (Hansen, Joseph, and Krafft 2008).

To limit this misalignment, firms may provide salespeople with incentives to not only make the

sale, but to do so at a higher price. We focus on a setting where these incentives are in the form of

salesperson commission schedules that are non-linear in both the negotiated margin (i.e., pricing

incentives) and the total monthly sales (i.e., sales incentives). 3

Our focus on these non-linear incentives is motivated by the previous literature where com-

pensation convexity has been found to be profitable in fixed price settings (e.g., the discrete quota

bonus in Oyer 1998). However, little is known about whether (and how) non-linear incentives

help align the interests of salespeople and the firm in situations where salespeople have pricing

discretion. Therefore, in this paper, we study the relative effectiveness of pricing incentives and

1See, for example Rechtin (2016).
2Frenzen, Hansen, Krafft, Mantrala, and Schmidt (2010) find that 69% of the firms in industrial machinery and

electrical engineering industries in Germany delegate pricing authority to the salesforce.
3Throughout the paper, we use the terms pricing incentives and sales incentives to refer to those features of the

compensation scheme which make the commissions non-linear in prices and revenue, respectively. Also, any reference
to sales incentives refers to incentives based on revenue.
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sales incentives in motivating salespeople to increase sales and retailer profits. Specifically, we

address the following questions: (1) are pricing and sales incentives effective in increasing the

retailer’s profit? If so, how important are pricing incentives relative to sales incentives?, (2) what

is the impact of different features of the pricing incentives on the retailer’s profit?, (3) how does

the salesperson’s ability to reallocate effort across activities influence the retailer’s profits?

To address these questions, we utilize eight months of transactions data from a large durable

goods retailer in the U.S. that sells two types of products (Made-to-order or MTO, and Ready-

for-Delivery or RFD). Each salesperson at this retailer sells products in both categories and earns

commissions based on the total monthly sales and the markups at which each product is sold. All

salespeople have identical compensation contracts that do not vary during the period of analysis.

However, the compensation contract varies across product types, in terms of how transacted prices

translate to compensation: commission rates are increasing in markups for MTO products and con-

stant in markups for RFD products. Utilizing this variation, we first demonstrate that salespeople

negotiate different markups across the two product types, suggesting that salespeople respond to

pricing incentives. The sales incentives come in the form of a monthly quota based on total dollar

sales. We show that a salesperson’s selling and negotiating performance varies in their progress-

towards-quota (PTQ), suggesting that salespeople are forward-looking and adjust their effort in

both selling and negotiating in response to their PTQ.

Motivated by these findings, we specify a structural model of multi-tasking with forward-

looking salespeople. In the model, a salesperson simultaneously makes two product-type-specific

decisions in each period: effort in selling and negotiating. The model accommodates three con-

siderations of the salesperson: (i) she is forward-looking in that she evaluates the likelihood of

meeting the quota based on her PTQ in each period; (ii) her sales for a product type are affected

by the negotiated prices and the selling effort in that period, and (iii) all efforts are costly, which

disciplines her effort levels in each period. Our empirical setting also requires us to incorporate

two novel features into the model. First, as compared to recent empirical research on multi-tasking

(Kim, Sudhir, and Uetake 2021) where, within a period, effort in different tasks are substitutes
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through the cost function, in our setting, selling and negotiating efforts can be complementary

through the demand-side response to prices. Thus, understanding whether bargaining and selling

efforts are net complements or substitutes within a period is an empirical question that has implica-

tions for compensation design and firm profitability. Second, given the differences in product types

and associated commissions, we allow for salesperson effort and cost of effort to vary by product-

type. These differences create incentives for salespeople to steer consumers towards particular

product types, which is implicitly accounted for in the model.

We take the model to the data in order to estimate the product-type-specific relationship be-

tween the salesperson’s effort choices and performance outcomes, the product-type-specific costs

of selling and negotiating, and the salesperson’s degree of risk aversion. Based on the estimates,

we find that, on average, the marginal cost of effort in negotiating for a higher markup is com-

parable to the marginal cost of effort in increasing sales for MTO products. Further, on average,

the marginal cost of effort in selling RFD products is comparable to that of selling MTO products,

but the marginal cost of effort in negotiating over RFD products is negligible. Despite the latter,

salespeople will not expend infinite effort since a high markup on RFD products lowers their de-

mand. In other words, a salesperson’s choice of negotiating effort impacts both the demand and

the markup. The differences in marginal effort costs across product types create an incentive for

salespeople to steer consumers towards different products even if the products were to have iden-

tical commission rates. Overall, the cost estimates imply that the impact of a 1% increase in either

selling or negotiating costs on revenue is non-negligible.

Utilizing the estimates, we simulate salesperson’s behavior under two counterfactual scenarios:

one without any sales incentives and one without any pricing incentives. We find that eliminating

pricing incentives lowers the retailer’s profit by 31%, whereas eliminating sales incentives lowers

its profit by only 8%, suggesting that pricing incentives are relatively more important in determin-

ing the firm’s profit. Next, we study the importance of three different pricing incentive features

- (i) the target markup, which is a specified markup at which the salesperson’s commission rate

increases by a fixed amount (ii) the variable commission rate, which is the increasing relationship
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between the markup and the salesperson’s commission rate, and (iii) the ceiling markup, which

puts a limit on the commission rate the salesperson can earn. Whereas eliminating target markup

and variable commission rate lowers the incentive to charge a high markup, eliminating ceiling

markup increases the incentive to negotiate higher markups. Despite this variation, we find that

eliminating any of these features lowers the retailer’s profit. Finally, we find that the reason the

retailer’s profit is hurt under the counterfactual contracts is due to the salesperson’s ability to reallo-

cate effort across selling and negotiating, although the ability to reallocate benefits the salesperson.

Having said this, a move to fixed pricing, which completely eliminates negotiations and the possi-

bility of effort reallocation, hurts the retailer because the salesperson does not completely substitute

effort towards selling in the absence of pricing incentives.

This paper contributes to the growing empirical literature on salesforce multi-tasking and price

delegation. To the best of our knowledge, this is the first empirical paper to estimate a model of

multi-tasking salespeople with price delegation. We also contribute to the recent empirical litera-

ture on salesforce dynamics by explicitly comparing the relative importance of sales incentives and

pricing incentives. In order to achieve this, we model the negotiation effort as a structural parame-

ter, which is a methodological contribution to the price delegation and bargaining literature. These

analyses, therefore, provide insights on salesperson behavior under price delegation, whereas the

literature has predominantly focused on fixed priced settings.

The rest of the paper is organized as follows. Section 2 presents a brief review of the litera-

ture. Section 3 describes the empirical setting and the data, and provides model-free evidence that

salespeople respond to different features of the compensation contract. We outline the empirical

model of forward-looking salespeople and discuss estimation and identification in Section 4. We

follow this with a discussion of the parameter estimates and present our key counterfactual policy

simulations in Section 7. We conclude in section 8.
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2 Literature Review

This paper builds on three different streams of research related to salesforce compensation.4 The

first stream, which focuses on the design of compensation contracts, includes theoretical work

utilizing agency models to study the optimality of commission-based compensation (Farley 1964;

Weinberg 1975), quota-based bonuses (Holmstrom and Milgrom 1987; Lal and Srinivasan 1993;

Kräkel and Schöttner 2016; Schöttner 2017), and fixed salaries (Basu, Lal, Srinivasan, and Staelin

1985; Rao 1990; Raju and Srinivasan 1996). Related work has documented the relationship be-

tween a compensation structure that is non-linear in commissions and salespeoples’ effort allo-

cation across periods (Oyer 1998; Larkin 2014). In empirical work that draws on the theoretical

literature, Kishore, Rao, Narasimhan, and John (2013) uses a field study to compare contracts that

feature bonuses to those that feature commissions. They find that commission based plans sig-

nificantly improve productivity as compared to equivalent bonus plans. Steenburgh (2008) find

that a sales quota-based bonus incentivizes the salesperson to exert more effort in selling as they

approach the quota. Copeland and Monnet (2009), Misra and Nair (2011) and Chung, Steenburgh,

and Sudhir (2014) estimate structural demand models allowing for a salesperson’s effort in each

period to vary with their progress to a sales-based quota. Although these papers differ in the fea-

tures they account for (ceiling on commissions, ratcheting, overachievement commissions, etc.),

they consistently find that salespeople respond to non-linear incentives by allocating effort across

time, and that the presence of monotonically increasing and convex commissions increases produc-

tivity and profits.5 We extend this empirical literature by explicitly comparing pricing incentives,

such as margin-based commissions, to the sales incentives that have been studied previously.

The second stream of research this paper builds on is that of price delegation. Barring a few

4Coughlan and Joseph (2012) and Misra (2019) provide a detailed discussion of the theoretical and empirical
literature on salesforce compensation.

5In contrast to these papers which focus on how features of the individual compensation scheme influence sales-
peoples’ effort, previous work has also explored the importance of activity-based incentives (Rao, Viswanathan, John,
and Kishore 2021), and has studied how individual-specific non-compensation scheme related factors such as recruit-
ment and training (Daljord, Misra, and Nair 2016; Atefi, Ahearne, Maxham III, Donavan, and Carlson 2018; Chung,
Kim, and Park 2021; Singh, Sen, and Borle 2021), group incentives and peer influence (Lim and Chen 2014; Chan,
Li, and Pierce 2014a,b), role of sales manager (Waiser 2021), and self-selection (Bommaraju and Hohenberg 2018)
impact salespeoples’ productivity and firm profits.
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exceptions, the literature on price delegation has largely been theoretical due to limited availability

of data. In this literature, researchers have explored how the profitability of price delegation varies

with information asymmetry (Lal 1986; Mishra and Prasad 2004; Simester and Zhang 2014), com-

petition between firms (Bhardwaj 2001; Mishra and Prasad 2005), the degree of price delegation

(Joseph 2001), salespeoples’ ability to collude with customers (Kräkel and Schöttner 2020), and

whether commissions are paid on gross margins or dollar sales (Weinberg 1975). On the empirical

side, several descriptive papers tie observed price delegation practices to market and firm charac-

teristics. For example, Stephenson, Cron, and Frazier (1979) show that complete price delegation

can lead to lower gross margins, Hansen, Joseph, and Krafft (2008) argue that price delegation

is less likely when salespeople substitute higher effort with lower prices, and Frenzen, Hansen,

Krafft, Mantrala, and Schmidt (2010) show that price delegation increases with information asym-

metry between salespeople and the firm. Researchers have also studied how negotiated prices and

profits vary with factors such as the role of the manager and her relationship with the salesperson

(Lim and Ham 2014; Alavi, Habel, Guenzi, and Wieseke 2018), salespeoples’ advocacy on behalf

of the consumer (Lawrence, Scheer, Crecelius, and Lam 2021), and the presence of aftermarkets

(Atefi, Ahearne, Hohenberg, Hall, and Zettelmeyer 2020).

The above theoretical work primarily focuses on the relationship between price delegation

and profitability, but there is limited work examining how salesperson contracting incentives can

influence negotiated prices and profits. Empirical studies include Larkin (2014), which focuses

on the influence of commission rates that increase in revenue, thereby incentivizing salespeople

to manipulate the timing of sales by adjusting price offers. By contrast, Jindal and Newberry

(2021) (hereafter JN21) study the impact of the presence of a sales quota, and Karlinsky-Shichor

and Netzer (2019) study how pricing automation impacts profits in a B2B setting. Our empirical

analysis focuses on the role of different components of the compensation contract in a setting

where salespeople cannot game the timing of sales, and is therefore most related to JN21. There

exists, however, two important differences. First, JN21 capture dynamics in a reduce form way

and do not explicitly estimate the disutility from expending effort, while we estimate salesperson
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effort as a structural object and explicitly allow salespeople to be forward-looking. This allows us

to fully capture effort allocation across activities. Second, JN21 focuses only on the presence of a

quota, whereas we model and study both sales and pricing incentives.

The study of price delegation more broadly is a part of the extant empirical literature on price

negotiation and bargaining. This stream of research has predominantly focused on B2B settings

and estimated models assuming the Nash bargaining solution (e.g. Grennan 2013; Draganska,

Klapper, and Villas-Boas 2009). More recently, researchers have explored price negotiations in

B2C settings. Shelegia and Sherman (2021) document evidence of bargaining at retail stores in

Vienna and show how these discounts vary across stores with scale, product prices, promotions,

etc. Zhang, Manchanda, and Chu (2021) adopt a reduced-form approach to model negotiated

prices and examine the costs and benefits of bargaining for sellers, buyers and platforms.6 There is

also work estimating structural models of demand and price negotiation in consumer markets for

durable goods (Jindal and Newberry 2018) and automobile auction markets (Larsen 2021).

Finally, the third stream of research our paper relates to is the empirical work on multi-tasking

(Agarwal and Ben-David 2018; Kim, Sudhir, Uetake, and Canales 2019; Behr, Drexler, Gropp, and

Guettler 2020; Palacios 2018), which documents that multi-tasking salesperson’s effort allocation

is not well aligned with the firm’s incentives. A closely related paper is Palacios (2018), which

uses a change in the contract scheme to study how salespeople reallocate effort among goods when

they can set product prices. Since this work focuses on the multi-tasking between products, not

activities, it does not separately estimate the disutility of selling and negotiating effort in the pres-

ence of quota-induced dynamics, which governs salesperson effort allocation into multiple tasks.

Because of this, our paper is most similar to Kim, Sudhir, and Uetake (2021), who study how

salespeople with private information about customers allocate effort across customer acquisition

and maintenance tasks in a micro-finance setting in which prices are fixed. The multi-tasking ac-

tivities (acquisition and maintenance) within a period are geared towards different customers, and

6Relatedly, Jindal (2021) studies how advertised reference prices influence demand and negotiation outcomes, and
Desai and Jindal (2021) experimentally study how salespeople can manipulate their own response time to influence
consumer’s bargaining costs.
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therefore, these activities are interdependent only through the design of compensation scheme in a

given period. By contrast, in our setting, both selling and negotiating are undertaken for the same

customer, meaning that the activities are inherently linked within a period. A salesperson, there-

fore, faces a within-period trade-off between selling and bargaining effort, even if the bargaining

effort were costless.

3 Empirical Setting and Data Description

The data for this study come from a large, U.S. durable goods retailer. The sample covers the

eight month period from October 2015 to May 2016.7 Although we have data beyond May 2016,

the retailer implemented a small change in the compensation scheme beginning June 2016, and

shortly thereafter, made changes to delivery charges, etc. Thus, we focus our analysis on the eight

months where the compensation scheme remained unchanged. The retailer sells goods in a broad

product category which includes multiple sub-categories, and can be thought of as similar to home

appliance, electronic goods, or home improvement retailers who mostly sell directly to individual

consumers.

3.1 Data and Compensation Structure

3.1.1 Selling Process and Product Types

Each salesperson is trained to sell all the products in the store and is responsible for both selling

the products and negotiating the final price. Upon meeting the customer, the salesperson first

spends time understanding the consumer’s needs and preferences. Based on this, the salesperson

recommends multiple products or sets of products to the consumer and provides the location of

these products within the store. Whereas the salesperson is always available to the consumer to

answer questions and provide more information about products, the salesperson may not always

7A non-disclosure agreement prevents us from identifying the retailer, the precise product categories it carries or
the precise sales-related statistics.
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walk with the consumer through the store. Consumers, if they choose to do so, can either negotiate

over the price while they are there in the store, or over the next few days via email or the phone.

Based on our own experience and conversations with the retailer, salespeople typically make a

counter offer to the consumer in the form of a written price quote. The salesperson and consumer

go back and forth until they agree on a price or the consumer decides to abandon the process. As

previously mentioned, the retailer sells products which can be classified into two types - made-to-

order and ready-for-delivery. Both types of products are new but the latter includes floor or older

(unused) models. Further, the RFD products can be immediately delivered to the consumer. By

contrast, MTO products typically involve a lead time before they are delivered to the consumer.

For each product type, the salesperson is aware of the commission rate which we discuss in more

detail below.

3.1.2 Compensation Structure

The retailer provides each salesperson an identical compensation structure that rewards the sales-

person based on the dollar sales in a month and the markup charged on each product sold. In this

setting, salespeople are not offered any fixed (base) salary: their entire wage is determined based

on the commissions from sales and negotiated markups. A salesperson’s monthly compensation is

given by the following:

W = ∑
j∈RFD

PjrR

︸ ︷︷ ︸
RFD Commission

+ ∑
j∈MTO

PjrO
j︸ ︷︷ ︸

MTO Commission

+ ∑
j∈MTO

I
[
M j ≥ M̃O

]
∗PjrG

︸ ︷︷ ︸
Target Markup bonus

+ I

[(
∑

j∈MTO
Pj + ∑

j∈RFD
Pj

)
= Q

]
∗QrQ

︸ ︷︷ ︸
Quota bonus

+ I

[(
∑

j∈MTO
Pj + ∑

j∈RFD
Pj

)
> Q

]
∗

(
∑

j∈MTO
Pj + ∑

j∈RFD
Pj−Q

)
rQ

︸ ︷︷ ︸
Overachievement bonus

(1)
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where j represents a product sold in the corresponding month, and Pj is final selling price of

product j. The first two terms represent the base commissions by product type. RFD products

have a fixed commission rate (rR) that, when multiplied by the product’s selling price, equals the

salesperson’s commission from selling the product. Thus, the total commission is linear in Pj for

these products. By contrast, MTO products have a variable commission rate (rO
j ) that depends on

the transaction markup of product j. Specifically, the commission rate for MTO products (ignoring

subscript j) is given by

rO =


ζ MO ;MO ≤M

ζ M ;MO > M
(2)

where ζ is a scaling factor for markup MO, and M is the ceiling markup which determines the

maximum commission rate that the salesperson can earn.8 The ceiling markup is fixed and does

not vary across MTO products. Note that although there exists a ceiling for the commission rate, the

commission itself increases in the selling price. Thus, for MTO products with variable commission

rates, a salesperson’s total commission is convex in their markup up to the ceiling M, and linear

thereafter.9

Additionally, for each MTO product, there exists a target markup, M̃O. If the salesperson

sells at or above the target, their commission rate increases by rG, which is represented as “Target

markup bonus”. The target markup, therefore, also makes the salesperson’s commission convex in

the markup and is a part of pricing incentives. Unlike the variable commission rate (rO), however,

this convexity stems from a fixed increase in the commission rate if the transaction markup hits the

target. In the data, the target markup varies across MTO products, though it is equal to the ceiling

markup for two-thirds of MTO products.

The left panel of Figure 1 shows how the commission rates vary with markup for RFD products

(dashed blue line) and for MTO products (solid red line) in the scenario where the target markup

8Our non-disclosure agreement with the firm does not allow us to reveal the formulae used for computing markups.
9As we show in Web Appendix A, the linearly increasing commission rate combined with the ceiling markup

results in concave commission rates (in markup) which are qualitatively similar to the commission rates implied by
the first best compensation scheme.
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coincides with the ceiling markup. The commission rate increases linearly until the ceiling/target

markup, where there is a fixed increase in the commission rate. Together, these result in commis-

sions being convex in markups up to the target/ceiling markup, and linear thereafter. Whereas we

cannot reveal the exact values of the commission rates, on the margin, the bonus from reaching

the target markup (hereafter, target bonus) is around one-sixth of the commission from selling the

product. Note that the opportunity to achieve target bonus does not exist for RFD products.
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Figure 1: Commission Rates and Commissions based on Markups and Quota
Note. The left (right) panel of the figure shows how a salesperson’s commission rate (commission) varies with the
markup (PTQ), respectively. The left panel additionally shows how the commission rate varies separately for MTO
products (solid red line) and for RFD products (dashed blue line). The dotted line in the right panel is parallel to the
commission curve before the quota is met.

If the total sales of a salesperson meets the monthly quota (Q), she receives an incremental

commission rate of rQ on all products sold (across both product types) during the month. This

incremental bonus is equivalent to a fixed quota bonus (QrQ) on the first Q dollars of sales (fourth

term in equation 1 ), and an overachievement bonus on all additional sales beyond the first Q

dollars (last term in equation 1). The right panel of Figure 1 shows how commissions vary with

the salesperson’s PTQ.10 For a salesperson who reaches the quota by selling only MTO products

10The figure is helpful in emphasizing how achieving the quota impacts salespeoples’ commissions. The actual
commission depends on the negotiated markup, target markup and ceiling markup.
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at a markup just below the target markup, the quota and overachievement bonuses increases the

salesperson’s total compensation by over 8% (approximately half the marginal effect of the target

bonus). The quota and overachievement bonuses, therefore, represents an economically meaning-

ful increase in a salesperson’s monthly wage.

In our setting, the retailer does not adjust the salesperson’s quota based on past performance;

thus, ratcheting, which has been previously studied in Misra and Nair (2011), is not applicable

here. Additionally, the retailer does not offer any quarterly or annual bonuses, so any effect of the

quota is within a month, and not across months. In addition to products, salespeople sell extended

warranties, which account for less than 3% of all sales. These warranties entail higher commission

rates for the salespeople, but we do not find any systematic correlation between warranty sales and

the salesperson’s progress towards reaching the quota. Based on our analysis, the likelihood of

selling extended warranties is fairly constant across salespeople and does not vary within a month.

Thus, we treat the commissions from extended warranties as exogenous in our model.

Table 1: Average Descriptive Statistics across Salespeople

Average 5% Median 95%
Tenure (months) 117.16 7 108 292
Gender (male) 37% 0% 0% 100%
Age (years) 52.25 31.5 53 68
Monthly sales ($) $9,579 $3,852 $8,330 $18,144
% months Quota met 36% 0% 25% 100%
% MTO Sales 74% 32% 81% 88%
Order size ($) $428 $179 $425 $661
Products per order 6.15 3.88 5.76 9.67
% products negotiated 67% 45% 66% 88%
% products negotiated (MTO) 59% 31% 57% 88%
% products negotiated (RFD) 82% 68% 82% 92%
Markup 1.24 1.18 1.24 1.28
Markup (MTO) 1.22 1.16 1.23 1.27
Markup (RFD) 1.28 1.19 1.28 1.38
% products met Target markup 48% 14% 49% 75%

Note. The table reports the average, 5th, 50th (median) and 95th percentiles of various measures as computed across
salespeople. Monthly sales are reported by normalizing the quota to $10,000, and markups are reported by normalizing
the ceiling markup to 1.25, respectively.
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3.1.3 Data Overview

We focus our analysis on 114 salespeople who joined before the beginning of our period of analysis

(October 2015) and were still employed as of May 2016. These salespeople collectively account for

89% of all sales, 83% of all orders and 87% of all products sold by the retailer during this period.

Table 1 reports the distributions of the monthly salesperson-specific average metrics computed

across salespeople. At the beginning of our sample, on average, a salesperson had been with the

retailer for just over 9 years (117 months), but this tenure varies from less than 7 months to more

than 24 years. 37% of salespeople identify themselves as males, and the average age of salespeople

is approximately 52 years.

Our sample includes the following details for each transaction: salesperson ID and character-

istics, product type and characteristics, marginal cost, posted price, selling price, target markup,

and 3-digit customer zip codes.11 In addition, we observe the following salesperson performance-

related variables at the time of each transaction: PTQ, percentage of sales of each product type

in the month, and percentage of products that met target markup in the month. Finally, we have

access to the number of hours each salesperson worked in each week.

To comply with the non-disclosure agreement we signed with the retailer, we report all sales

and markups by normalizing the monthly quota to $10,000, and the ceiling markup to 1.25. There-

fore, all sales and costs, and markups reported are relative to the normalized quota and ceiling

markup. The average monthly sales of a salesperson is $9,579 and the average salesperson meets

her quota 36% of the time. By contrast, the top 5% salespeople in terms of sales generate over

$18,000 in average monthly sales and meet their quota every month. On average, MTO products

account for 74% of all monthly sales in the data. The average order contains six products and has a

total value of $428, but there exists significant variation in both variables across transactions. Sales-

people offer discounts off the posted price (i.e., negotiate) on 67% of their completed transactions,

with some salespeople negotiating on over 87% of their transactions.12 Further, price negotiation

11We obtained salespeople characteristics through a survey, which over 93% of the salespeople responded to.
12We infer incidence of discount based on whether the selling price is lower than the posted price of the product.
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is more common for RFD products as compared to MTO products. The average markup on all

products sold in a month is 1.24 with a few salespeople consistently selling products at an average

markup higher than the ceiling. The average markups for RFD products are not only higher, but

also exhibit greater dispersion across salespeople. The systematically higher propensity to negoti-

ate and higher negotiated markup for RFD products points to differences in the negotiation across

product-type. A possible explanation for this is that negotiating over RFD products is less costly

for salespeople as compared to negotiating over MTO products, which results in, not only more ne-

gotiations for RFD products, but also transactions at higher markups. Finally, salespeople achieve

the target markup on slightly less than half of the MTO products they sell. These statistics show

that negotiation is prevalent in this setting and that there exists considerable variation in both sales

(especially relative to the quota) and the negotiated markups across product types.

3.2 Model-Free Evidence

We now provide model-free evidence that salespeople respond to the commission rate thresholds

and the monthly quota.

3.2.1 Response to Pricing Incentives

MTO and RFD products differ in their commission rates, which creates differential incentives for

salespeople to negotiate prices for these products. Figure 2 shows histograms (by product type)

of the markup achieved on each transaction normalized by the target markup (M̃O) and the ceiling

markup (M), respectively. These thresholds result in the salespeople having a (i) higher marginal

incentive to achieve the target markup, and a (ii) lower marginal incentive to sell above the ceiling

markup for the MTO products, as the RFD products have a fixed commission rate.

Consistent with this, we find evidence of an increase in the number of products sold at markups

leading up to the target and ceiling markups, and bunching for MTO products around both target

and ceiling markups. Approximately one-third of all MTO products are sold at the target markup

and almost a quarter are sold at the ceiling markup. By contrast, we do not observe any bunching
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at these thresholds for RFD products. Together, this suggests that salespeople respond to pric-

ing incentives, as they adjust the markups they negotiate for MTO products around the markup

thresholds.

0

10000

20000

30000

0 1 2 3
Achieved Markup / Target Markup

MTO
RFD

0

10000

20000

0 1 2 3
Achieved Markup / Ceiling Markup

MTO
RFD

Figure 2: Salespeoples’ Response to Commission Rates
Note. The left (right) panel of the figure shows a histogram of the ratio of the achieved markup to the target markup
(ceiling markup) separately for RFD and MTO products.

3.2.2 Response to Sales Incentives

To explore the impact of sales incentives, we divide each month into four periods of 7-8 days, and

study whether PTQ as of the beginning of the period impacts the sales during that period. The

top left panel of Figure 3 shows a scatter plot and the best-fitting third-degree polynomial of the

period-level sales and PTQ. The figure shows that a salesperson’s overall performance, as mea-

sured by her revenue, increases in the PTQ. The line of best fit, however, represents the covariation

in revenue and PTQ both within and across salespeople. The top-right panel of the figure plots the

within-salesperson relationship between dollar sales with PTQ.13 We find that, at the salesperson

level, sales increase in PTQ, but flatten out once they have achieved about 70-80% of the quota.

13We regress the period-level sales on salespeople fixed effects and plot the residuals from this regression against
the PTQ.
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The flattening of the curve provides some initial evidence that the overachievement commission

rate on additional sales beyond the quota does not induce salespeople to exert incrementally higher

effort. The positive and concave relationship between PTQ and sales persists even after we ac-

count for month and period fixed effects, and additional shifters of across-month and across-period

demand(Web Appendix B).

The bottom panel of Figure 3 plots the within-salesperson variation in sales separately for the

second, third, and fourth periods.14 This panel shows that the relationship between PTQ and sales

varies by period. Interestingly, in the second and third periods, when salespeople have sufficient

time until the end of the month, sales decrease in PTQ, with the marginal effect being more negative

in period 2. By contrast, in period 4, sales increase as salespeople get closer to quota and eventually

flatten out just before they achieve the quota. This evidence of salesperson performance in response

to PTQ is consistent with the finding from previous literature (e.g., Misra and Nair 2011) where

product prices are fixed.

Unlike fixed price settings where variation in sales are driven solely by selling performance,

in our setting, salespeople could increase sales either by selling more or by selling a product at

a higher price (markup). To separately identify these effects, we measure selling performance

using cost of goods sold (COGS) and pricing performance using markup (selling price divided by

cost); the product of these two outcomes determines the total dollar sales. In our setting, pricing

incentives reward salespeople based on markups. Therefore, we decompose revenue into markups

and COGS which allows us to study how dynamics induced due to sales incentives directly impact

the performance metric of interest. Further, this decomposition directly ties performance metrics

to salespeoples’ commissions.

14PTQ equals 0 for all salespeople at the beginning of the first period.
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The figures in the top panel of Figure 4 plot the third-degree smoothed polynomial for the

within-salesperson relationship between COGS and PTQ and markup and PTQ, respectively.15

We again find that the salesperson’s selling performance (now defined based on COGS) initially

increases in PTQ and then flattens out. By contrast, the negotiating performance, measured by

the markup, exhibits an inverted U-shape up to the point where sales are about 70-80% of the

quota, and then increases thereafter. On one hand, charging higher markup increases the dollar

sales (holding COGS fixed), thereby increasing the likelihood of achieving the quota. On the other

hand, a higher markup lowers the selling performance (COGS), thereby lowering the likelihood

of achieving the quota. The net effect of PTQ on negotiating performance, therefore, depends

on the price sensitivity of demand. In our setting, this results in a non-monotonic relationship

between PTQ and markups. Columns 2 and 5 of the Table in Web Appendix B show that both

these relationships persist even after controlling for additional demand shifters.

Because MTO and RFD products differ in their commission rates, we further test whether

salespeoples’ responses to PTQ in selling and negotiating vary by product type. The middle and

bottom panels of Figure 4 plot the selling performance (left panel) and the negotiating performance

(right panel) for MTO and RFD products, respectively. Focusing on selling first, we find that the

COGS increases in PTQ and flattens out closer to the quota for both product types. The increase

in COGS, however, is more pronounced for MTO products.16 These differences across product

types likely stem from (i) the nature of the products, which results in potentially differential costs

of selling, (ii) difference in compensation schemes, and (iii) difference in consumers who shop

for these products. In our empirical model, we accommodate these explanations by allowing the

salesperson’s cost of selling and negotiating and the consumer’s price sensitivity to vary by product

type.

15We compute period-level markup as the average markup (weighted by COGS) across all products sold in the
period.

16This is also evident from the more positive coefficient on PTQ in Column 3 of the Table in Web Appendix B.
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Figure 4: COGS and Markup Response to Quota
Note. The figure shows the proportion of transactions (separately for RFD and MTO products) which occurred at or
above the target and the ceiling markups.

Focusing on the right panel, we find that markups for both types of products respond to PTQ in a

qualitatively similar way. However, the variation in markups for RFD products is more pronounced
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as compared to MTO products. A potential explanation for this is that the pricing incentives, which

apply only to MTO products, make salespeople less likely to adjust the markups in response to

PTQ. These incentives, however, are absent for RFD products thereby offering salespeople more

flexibility to adjust the markups for RFD products.

In summary, the previous analysis provides evidence that (i) the negotiated markups respond

to pricing incentives, (ii) salespeople vary their selling and negotiating performance based on the

sales incentives, and (iii) changes in selling and negotiating outcomes (as a function of PTQ) differ

for MTO and RFD products.

4 Empirical Model and Estimation

4.1 Model Outline

This section outlines a model where a forward-looking salesperson chooses effort levels in both

selling and negotiating prices in order to maximize her total utility over a month. As before, we

assume that each month is composed of four periods and model a salesperson’s behavior at the

period level. Additionally, we assume that the effort salespeople expend in selling and negotiating

prices varies by product-type within each period.17

4.1.1 Salesperson’s Per-Period Utility

We model a risk-averse salesperson who derives utility from wages. The wage of salesperson i

in period t is denoted by Wit = W (Sit ,eit ,εit ;φ) where Sit is a vector of the salesperson’s state

variables, eit is a vector of efforts for different activities and product types, εit are realized demand

shocks, and φ is a vector of parameters governing the effort policy functions, which we discuss

later. The per-period utility of the salesperson is given by:

17Previous research allows the effect of effort on sales to persist over time (Rubel and Prasad 2016). In our set-
ting, we assume that effort expended in a period does not spillover to future periods, which is reasonable given that
salespeople interact with different consumers in each period. Any carryover effects due to salesperson learning are
captured in our model in a reduced form way through the salesperson’s tenure.
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U(Sit ,eit ,εit) = E (Wit)−ρVar (Wit)−D(eit ;Θ) (3)

where E (Wit) is the expected wage, Var (Wit) represents the uncertainty associated with this wage,

and D(.) is the disutility from exerting effort. The expectation and the variance of wages are com-

puted with respect to the demand shocks, εit . The term ρ measures the degree of the salesperson’s

risk aversion.

4.1.2 (Modified) Compensation Plan

The compensation scheme outlined in Section 3.1 rewards salespeople based on the markup of

each item sold and the total revenue at the end of the month. Below, we modify the compensa-

tion scheme and compute wages based on aggregate outcomes at the period level. We note that

this modification of the compensation scheme does not impact the final wages that a salesperson

receives. We discuss this, and our reasons for the aggregation in Section 4.2.

Let k (∈ {O,R}) denote the product-type where O and R refer to MTO and RFD product types,

respectively. With the compensation scheme we take to data, the wage Wit is given by

Wit = ∑
k

(
Ck

it .M
k
it

)
.rk

it︸ ︷︷ ︸
Base commissions

+I
[
MO

it ≥ M̃O
]
.
(

CO
it .M

O
it

)
.rG︸ ︷︷ ︸

Target markup bonus

+ I [t = 4] .I

[
4

∑
t=1

∑
k

(
Ck

it .M
k
it

)
≥ Q

]
.

(
4

∑
t=1

∑
k

(
Ck

it .M
k
it

))
.rQ

︸ ︷︷ ︸
Quota and Overachievement bonus

(4)

where the first and second terms represent the base commissions for each product-type, the third

term represents the target markup bonus, and the last term represents the quota bonus and the over-

achievement bonus which are paid only at the end of the month (period 4). Ck
it
(
≡Ck

it(eit ,Mk
it)
)

is the total COGS of product-type k sold by salesperson i in period t, and although not explicitly

noted, are functions of eit and Mk
it respectively. Mk

it
(
≡Mk

it(eit)
)

is the average markup of product-

type k and is itself a function of the effort vector eit . Thus, Ck
it .M

k
it is the revenue from product-type
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k.18 Note that all of the performance outcomes are a function of the vector of the salesperson’s cho-

sen effort levels. COGS is also a function of the product-type-specific markup, which represents

the demand response to changes in prices. This implies that, unlike previous empirical research

on multi-tasking, in our setting, within-period selling and negotiating efforts can either be com-

plements due to the demand response, or can be substitutes through the cost function.19 Therefore

in choosing the negotiation effort level, a salesperson considers the trade-off between the direct

effect of negotiating effort on markup and its indirect effect on COGS. Though not explicit in the

notation, each of the performance outcomes are also a function of demand shifters, and demand

shocks.

Commission rates for MTO and RFD products are rO
it and rR,respectively, where rO

it is a weakly

increasing function of MO
it (equation 2) and rR

it (= rR) is fixed. If the markup for MTO products

exceeds the target markup (M̃O), then the salesperson earns the target markup bonus with an in-

cremental commission rate of rG in that period. Finally, if the total revenue for the month exceeds

the quota (Q), then the salesperson earns an additional quota bonus and an overachievement bonus

with an incremental commission rate of rQ.

4.1.3 State Variables and Transitions

Motivated by the model-free evidence, our first state variable, s1
it , is the salesperson’s progress

towards meeting the quota (PTQ). Figure 3 shows that the impact of PTQ on performance outcomes

varies with period. Thus, we include the period number as our second state variable, s2
it . The state

variable vector Sit , therefore, collects both the state variables such that Sit = {s1
it ,s

2
it}. These state

variables evolve as follows:
18A potential concern with having product-type-specific markups is that salespeople may strategically allocate dis-

counts across different product types within an order, which would result in measurement error in the dependent
variables. In the data, 82% of orders have only one of the two product types purchased. Another 8% of the orders have
more than 80% of their sales coming from one product type. This limits the extent to which strategic reallocation of
discounts across product types within an order could be an issue.

19In Kim, Sudhir, and Uetake (2021), dynamic considerations stem from the nature of the tasks in that the quality
of customers acquired in the current period influences the maintenance effort required in the future. Therefore, efforts
exerted in different activities within a period are substitutes through the cost considerations, and those across periods
could be complements due to the dynamic effect of acquisition on maintenance.
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1. PTQ gets updated based on realized COGS and markups for both products such that

s1
i,t+1 =


0 ; t = 0

s1
it +

∑k Ck
it .M

k
it

Q ; t > 0
(5)

2. Period number gets update deterministically such that

s2
i,t+1 =


1 ; t = 0

s2
it +1 ; t > 0

(6)

4.1.4 Salesperson’s Actions and Optimization

Let eit =
{

eCO
it ,eCR

it ,eMO
it ,eMR

it

}
be a vector of the efforts the salesperson exerts in selling and nego-

tiating both product types. The salesperson makes these effort decisions to maximize her present

discounted value of utility given the state variables S (ignoring salesperson and time subscripts),

effort policy function parameters φ , risk aversion ρ , and the parameter vector Θ which governs

the disutility from exerting effort. The salesperson’s value function satisfies the following Bellman

equation:

V (S;φ ,ρ,Θ) = max
e

[
U(S,e,ε;ρ,Θ)+δE

[
V (S′;φ ,ρ,Θ)

]]
(7)

where δ is the discount factor between periods, and S′ is the vector of updated state variables in

the next period. Given that our analysis focuses on periods within a month, we assume that the

salespeople do not discount utility from future periods within the month, i.e. δ = 1. The expected

value function for the next period is computed by integrating out over the present and future period

demand shocks.

The timing of the model in each period is as follows:

1. Salesperson observes the compensation plan and state variables relevant to her decision mak-

ing.
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2. Salesperson is randomly connected with a set of customers who visit the store.

3. Salesperson makes multidimensional effort decisions: (i) selling MTO products, (ii) selling

RFD products, (iii) negotiating MTO markups, and (iv) negotiating RFD markups.

4. Demand and pricing outcomes are realized.

5. Based on the realized outcomes, the salesperson’s wage is computed and the state variables

are updated.

6. Steps 1-5 are repeated for each period. At the end of period 4, salesperson i receives the

monthly compensation. All states are reset.

4.2 Data Aggregation to Period Level

The model-free evidence and the model outlined above are based on aggregating all outcomes to

the period level. Similarly, the modified compensation scheme, which we take to data, assumes that

commissions are based on period-level COGS and markups.20 In practice, however, a salesperson

earns commission on each individual product sold and the salesperson’s commission is computed

by summing up the commissions across all items sold in the month (equation 1). We aggregate

outcomes and commissions to the period level primarily because estimating the dynamic model at

the transaction, or even the daily-level, is infeasible due the dimensionality of the state space under

these conditions. We also believe that assuming the salesperson’s decision process occurs at an

aggregate level is reasonable because it is difficult for a salesperson to evaluate her performance,

including PTQ, after every transaction or even daily. In fact, conversations with several salespeople

revealed that they do not typically assess their sales and commissions on a daily basis. In addition,

as we mentioned earlier, negotiations and the purchase process can possibly take multiple days

which would create temporal separation between when the salesperson exerted effort and when the

20Period-level averages and standard deviations of COGS and markups by product-type are reported in Web Ap-
pendix C.
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sales were registered. Aggregating to the period level allows us to account for this temporal separa-

tion. In order to provide evidence that this aggregation does not bias the commissions salespeople

earn and thus, our empirical analysis, we show that the realized commissions are very similar to

the commissions computed based on period-level sales and markup (Web Appendix D).

5 Estimation and Identification

Our estimation follows the two-step approach to estimate dynamic models (Hotz and Miller 1993;

Bajari, Benkard, and Levin 2007). Below, we discuss our approach and how we address several

challenges that are either common to the literature, or arise in our setting.

5.1 Stage 1 - Policy Functions

In the first stage, we estimate salesperson effort policy functions. We follow the previous lit-

erature (e.g., Misra and Nair 2011; Chung, Steenburgh, and Sudhir 2014) and model the per-

formance outcomes as an additively separable function of three components: the effect of de-

mand shifters f (XD
it ;β ); salesperson effort e(XD

it ,X
e
it ,Sit); and unobservable demand shocks εit ={

ε
CO
it ,εCR

it ,εMO
it ,εMR

it

}
. Specifically, the COGS and markups for product-type k are modeled as

Ck
it(eit ,Mk

it) = f (XD
it ;β

Ck)+ e(XD
it ,X

e
it ,Sit ;γ

Ck)︸ ︷︷ ︸
e

Ck
it

−κ
kMk

it(eit)+ ε
Ck
it (8)

Mk
it(eit) = f (XD

it ;β
Mk)+ e(XD

it ,X
e
it ,Sit ;γ

Mk)︸ ︷︷ ︸
e

Mk
it

+ε
Mk
it (9)

The demand shifters XD
it are proxies for the number of customers visiting the store, their willingness-

to-pay, their likelihood of negotiation, etc., which impact both COGS and markups. These are

exogenous in that they are beyond the salesperson’s control. Included in XD
it are the precipita-

tion in the county where the retailer is located, precipitation in neighboring counties in the same
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state, a proxy for the number of footfalls at the retailer, the proportion of orders coming from

three large subcategories of products, and month fixed effects.21 We include the weather variables,

footfall information and month-level seasonality in order to proxy for customer traffic to the re-

tailer and customers’ willingness to spend or negotiate. Additionally, the proportion of customers

who make a purchase in each sub-category could, independent of effort, drive COGS and markups

since products across sub-categories vary substantially in their cost. We include these variables as

exogenous demand shifters, thereby implicitly assume that demand for a product sub-category is

exogenously determined, i.e. salesperson cannot sell a product from a sub-category the consumer

is not interested in.22 We assume that the salesperson knows the values of XD
it at the beginning of

period t. In order to account for non-linear effects of demand shifters on performance outcomes,

we parameterize f (XD
it ;β ) utilizing the first- and second-degree Chebyshev polynomial bases of

XD
it .

We assume that the effort levels are a flexible function of the state variables Sit , effort shifters

Xe
it and XD

it . Specifically, the effort function e(.) represents the main effect of the state variables

Sit , the main effect of effort shifters Xe
it , interactions between Sit and Xe

it , and interactions between

Sit and the Chebyshev polynomial bases of XD
it . Recall that the state variables are the salesper-

son’s PTQ and the period dummies. Effort shifters Xe
it are salesperson-specific factors that may

affect period-specific effort levels, but differ from the state variables in that they do not induce

inter-temporal strategic behavior. These include salesperson tenure (measured in months) and a

time-invariant salesperson-specific productivity measure (i.e., dollar sales per hour based on data

beyond our estimation sample). Productivity and tenure of the salesperson account for unobserved

salesperson skill, and are therefore, treated as additional variables that affect effort levels. We

21We use the period level footfall data from Safegraph from 2017-2019 to create the proxy for footfalls for each
period in our data. SafeGraph aggregates anonymized location data from numerous applications in order to provide
insights about physical places, via the SafeGraph Community. To enhance privacy, SafeGraph excludes census block
group information if fewer than five devices visited an establishment in a month from a given census block group.
Since we do not have exact footfall information during our data period, we use the Safegraph data (adjusted for
annual time trend) along with weather variables to account for exogenous changes in demand. We also tried other
weather-related variables such as the presence of wind, thunderstorm and fog, but did not find any effect of these on
the performance outcomes.

22This assumption is reasonable since these products can cost several thousands of dollars so it is unlikely that a
consumer would purchase something they do not need.
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allow these shifters to enter flexibly into the effort function, interacting them with the other state

variables and demand shifters. They are included in order to control for unobserved heterogene-

ity across salespeople and, thus, address the well-documented dynamic selection issue (Keane and

Wolpin 1997). Other researchers have addressed this through discrete latent segments (e.g., Chung,

Steenburgh, and Sudhir 2014; Kim, Sudhir, and Uetake 2021 using the EM approach in Arcidi-

acono and Miller 2011) or have estimated salesperson-specific policy functions (Misra and Nair

2011).

The product-type-specific demand shocks, which impact COGS and markups, are realized after

the effort decisions have been made by the salesperson. In our setting, the allocation of consumers

to salespeople is as good as random which ensures that all salespeople are subject to similar de-

mand shocks in any period.23Additionally, all demand shocks are assumed to be mean zero and,

to account for within-period unobserved factors which impact COGS for both product types, we

allow the demand shocks ε
CO
it and ε

CR
it to be correlated.

Finally, κO and κR are the markup sensitivities, or the effects of markup of MTO and RFD

products on the respective COGS. Let β =
{

βCO ,βCR ,β MO,β MR
}

, γ =
{

γCO,γCR,γMO,γMR
}

and

κ =
{

κO,κR} be vectors of parameters governing the impact of demand shifters on performance

outcomes, the effort policy function and the main price effect on demand, respectively. We collect

all these parameters in vector φ = {β ,γ,κ}.

5.1.1 Selection on Markup

In the data, we observe final markups for a product type only when the salesperson makes positive

sales of the product type in the period. This induces selection in that unobserved variables which

influence the likelihood of at least one sale also influence the markup at which the product is sold.

To account for this, we use an instrument ZS
it : whether the salesperson works for more than a

minimum threshold number of hours in the period. Our underlying assumption is similar to that

23In our conversations, the retailer revealed that they are not strategic about allocating salespeople to consumers to
ensure that all salespeople get equal opportunity to sell all products. One exception is repeat customers, which are
assigned to the same salesperson if possible. In the data, approximately 20% of the orders come from repeat customers
who are matched to the same (previous) salesperson 80% of the time.
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made by Hu, Zhang, and Zhu (2022) in that positive sales will be observed when the salesperson’s

hours worked exceed a minimum threshold. However, conditional on influencing the likelihood

of sale, the instrument does not influence the markup at which the products are sold. The choice

of the threshold is up to the researcher’s discretion, and should be low enough to proxy for only

whether the salesperson worked in the period or not.24 In our analysis, we use a threshold of five

hours, and check robustness of first-stage estimates to the threshold value.

We first estimate a bivariate probit selection model of whether positive sales are observed for

either product with ZS
it as a covariate and allow for the unobserved demand shocks to be correlated

across product-type. Partial F-statistics computed based on a linear probability model for MTO

and RFD products are 69.14 and 9.12, respectively, which suggests that the instrument is relevant.

Next, following Heckman (1978), we compute the Inverse Mills Ratio from the first stage selection

model and include it as an additional independent variable in the markup equation. This second

step is estimated separately for each product type. Thus, we allow for the demand shocks that de-

termine the likelihood of a sale to be correlated across product types and demand shocks impacting

the likelihood of of a sale and the markup to be correlated within a product.25

5.1.2 Markup Endogeneity

Unobserved consumer preferences which impact COGS, could also influence the negotiated markups,

thereby resulting in unobserved correlation between markup and demand shocks. To address the

endogeneity related to markups, we use another product-type-specific instrument ZM
it : the average

of the other salespeoples’ negotiated markup one year ahead from period t. The period we use to

compute the instrument is not part of our estimation data. The argument for validity of this instru-

ment is based on (i) the fact that the compensation scheme faced by all salespeople is same, which

24We note that the number of hours a salesperson works is likely to be correlated with the COGS of both product
types. Kim and Chung (2021) estimate a model accounting for both observed and unobserved sales effort, which is
measured as hours worked. In our setting, however, a salesperson’s compensation is not tied to hours worked, and
therefore, we do not separately model the decision of how many hours to work. The efforts we recover in our model,
therefore, account for both the number of hours a salesperson worked and the effort put in during those hours.

25We implicitly assume that the unobserved shocks that impact the markup for each product-type are uncorrelated.
We believe this assumption is innocuous after allowing for correlated unobservables for selling efforts and within
product-type selling and negotiating effort.

29
Marketing Science Institute Working Paper Series



results in correlation in markups across salespeople, and (ii) the assumption that there is system-

atic variation in the types of consumers who purchase across periods and months. Therefore, the

average markup across other salespeople should be correlated with the markup of the focal sales-

person, but the fact that this average is based on a different period and month ensures that it is not

correlated with the focal period’s demand shocks which impact the COGS.26

We follow the 2SLS approach to address the endogeneity of the markup. First, we regress

the markups MO
it and MR

it on Chebyshev polynomial bases of demand shifters XD
it , bases of effort

functions, including effort shifters Xe
it and state variables Sit , the Inverse Mills Ratio from the

selection equation, and the instrument ZM
it ; and compute the expected markup by product type M̂O

it

and M̂R
it . The partial F-statistic for the instruments from the first stage regressions are 55.79 and

4.12 for MTO products and RFD products, respectively. Both these F-statistics correspond to p-

values less than 0.05. Next, we estimate the COGS using a bivariate regression. In Web Appendix

E, we summarize the steps to estimate effort and performance outcome policy functions.

5.2 Stage 2 - Structural Parameters

In the second stage, we estimate the effort disutility and risk aversion parameters subject to the

equilibrium conditions outlined in Bajari, Benkard, and Levin (2007). We model the disutility of

effort as a convex function of efforts:

D(eit ;Θ) = θi1

(
eCO

it +θi2eCR
it +θi3eMO

it +θi4eMR
it

)2
(10)

where θi1 represents the total disutility of effort for salesperson i. The terms θi2, θi3 and θi4

measure salesperson i’s disutility from exerting effort in selling RFD products, negotiating over

MTO products and negotiating over RFD products, respectively, relative to the disutility from

selling MTO products, which has been normalized to 1. We use the relative parameter specification

for ease of interpretation once we turn to the estimates. We accommodate observed heterogeneity

26We assume that the variation in the instrument is unknown to the salesperson when making her effort decisions.
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by allowing each cost of effort to vary by age and gender of the salesperson. Also, we take the

exponential transformation of the cost parameters to ensure that the costs are always positive. To be

specific, we model the cost parameters θik (k∈ {1,2,3,4}) as θik = exp
(
θ 0

k +θ a
k age+θ m

k I(male)
)

where age is the salesperson’s age, and I(male) takes the value 1 for males and 0 otherwise. Both

age and gender variables are demeaned across salespeople so exp
(
θ 0

k

)
can be interpreted as the

average cost of effort k.

To estimate the risk aversion and disutility parameters, we specify an objective function based

on the assumption that at the true parameter values, the simulated salesperson payoff under the op-

timal (observed) effort should be higher than that under any deviation from the optimal effort. We

forward simulate the value functions under the optimal effort policy function V̂ (S;β ,γ,κ,ρ,Θ),

and under Np (=100) policy functions that deviate from the optimal policy, where jth deviated

function is denoted as Ṽ ( j)(S;β ,γ,κ,ρ,Θ), and all the optimal and deviated policy functions

are integrated out over Nd (=100) demand shocks. Next, we find the risk and cost estimates

which minimize the distance between V̂ (S;β ,γ,κ,ρ,Θ) and Ṽ ( j)(S;β ,γ,κ,ρ,Θ), conditional on

V̂ (S;β ,γ,κ,ρ,Θ)≥ Ṽ ( j)(S;β ,γ,κ,ρ,Θ). In other words, the estimated parameters are given by

{
ρ̂,Θ̂

}
= argmin

ρ,Θ

1
Np

Np

∑
j=1

[
min

{
0,
(

V̂ (S;β ,γ,κ,ρ,Θ)−Ṽ ( j)(S;β ,γ,κ,ρ,Θ)
)}2

]
(11)

Although risk aversion and disutility parameters are separately identified (discussed below),

jointly estimating these proves to be difficult. Therefore, we estimate risk aversion and disutility

parameters in two steps. First, we fix the degree of risk aversion to a particular value and estimate

the disutility parameters. Next, we search for that value of risk aversion, i.e. repeat above pro-

cedure for different values of risk aversion, which minimizes the objective function. To compute

standard errors, we bootstrap over first and second stage estimates using 500 bootstrapped samples.
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5.3 Model Identification

Identification of the first stage policy functions and the second stage structural parameters require

several assumptions. First, we assume that the effects of XD
it , e(.) and εit on each of the per-

formance outcomes are additively separable, and given the semi-parametric nature of effort, the

coefficients on all the effort levels are normalized to 1. Relatedly, equations 8 - 9 imply that each

performance outcome is a monotonic function of the corresponding effort. Second, we assume

that the equilibrium effort is a flexible but deterministic function of Sit , and the demand shocks

(εit) are not correlated with XD
it , Xe

it and Sit . Third, the state variables (Sit) only affect the perfor-

mance outcomes through their impact on effort. Finally, we assume that the demand shifters (XD
it )

influence effort only through their interaction with the state variables; any direct effect of demand

shifters is independent of the effort. Under these assumptions, the joint distribution of the selling

and negotiation outcomes and the state variables (including PTQ) identifies the four effort policy

functions. The estimated effort policy functions can, therefore, be treated as structural objects, i.e.

represent the optimal efforts given the state variables.

Next we turn to the identification of the structural parameters - the costs of selling and negoti-

ating, and the risk aversion parameter. The optimality conditions suggest that we identify the cost

of selling (and negotiating) through the mapping of the effort policy function to the commissions

earned. Specifically, using the policy function, we observe the additional commissions earned

from a marginal increase in the given effort. At the optimal effort level, the marginal increase in

commissions is equal to the additional cost, meaning we can estimate the marginal costs of effort

from the first order optimality conditions. In other words, the effort costs are identified by how the

variation in COGS (or markup) explained by the variation in the state variables, i.e., optimal effort,

maps to the commissions. Similarly, the risk aversion parameter is identified by the relationship

between the variance in demand shocks and the optimal effort levels.
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6 Model Estimates

In what follows, we report the results from the first-stage effort regressions and then discuss the

estimates of cost parameters and risk aversion.

6.1 First Stage Estimates

Web Appendix F reports the estimates from the first stage policy function regressions. From the re-

gressions with COGS as the dependent variable (equation 8), we estimate coefficients of -3.88 and

-2.23 on markups for MTO and RFD products, respectively. These estimates imply that demand is

more sensitive to prices for MTO products; one explanation for this could be that RFD products are

not easily comparable across retailers. We believe this to be the case since RFD products include

older floor models.

Figure 5 shows the estimated effort policy functions for selling and negotiating aggregated

across all periods, and separately for periods 2, 3 and 4, by product-type. Consistent with the

model-free evidence, we estimate a positive effect of PTQ on selling effort for both product types.

The marginal effect of an increase in PTQ is significantly higher for MTO products, which implies

that, relatively speaking, as salespeople get closer to achieving the quota, they expend more effort

in selling MTO products.27 For both product types, selling effort varies non-monotonically in

period 2, i.e. salespeople who have made significant progress towards the quota reduce their selling

effort since they have two additional periods to achieve the quota. By contrast, selling effort

increases monotonically in periods 3 and 4, and is always higher in the fourth period.

27We do not believe that the effort policy functions reflect differences in preferences of consumers towards MTO
and RFD products depending on PTQ since consumers do not observe how close a salesperson is to achieving quota.
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Figure 5: Efforts Policy as a function of PTQ by Segment
Note. The figures show the effort policy as a function of the salesperson’s PTQ. The top and bottom panels plot the
functions for selling and negotiating efforts, respectively, and the left and right panels plot the functions for RFD prod-
ucts and MTO products, respectively. Each figure shows the effort policy function based on all the data (homogeneous
specification) as well as segment-specific effort policy functions.

The bottom panels of Figure 5 show the effort policy functions corresponding to negotiating

for both product types. Aggregating across periods, we estimate concave policy functions for both

product types. The changes in negotiating effort (in response to PTQ) are much more pronounced

for RFD products, as compared to MTO products, which have pricing incentives. There exist

significant differences in the effort functions across products at the period level. For MTO products,

salespeople expend the most (least) effort in negotiating in period 2 (3) regardless of their state at

the beginning of period. Whereas negotiated prices increase in PTQ in period 2, they taper off in

periods 3 and 4 after some level of progress. The within-period positive correlation between selling
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and negotiating effort at lower values of PTQ, and negative correlation at higher values of PTQ,

provides evidence that these effort levels can be both complements and substitutes depending on

the salesperson’s PTQ. In other words, when salespeople are relatively far away from the quota,

they increase effort in both tasks to keep up with their expectation of meeting the quota, but when

they are close enough, they focus on either one of performance outcomes to earn the quota bonus.

For RFD products, negotiating effort increases in PTQ only in period 2 up until the salesperson

achieves 75% of the quota. Above 75% of the quota in period 2, and in periods 3 and 4, negotiating

effort decreases in PTQ, which points to salespeople offering lower prices to encourage consumers

to purchase RFD products. For these products, negotiating and selling effort are predominantly

substitutes in periods 3 and 4. Taken together, as PTQ changes, small changes in selling effort and

large changes in negotiating effort for RFD products steers consumers towards MTO products. The

differential effect of selling and negotiating effort, therefore, not only highlights the ways in which

a salesperson can influence sales, but also emphasizes the importance of separately accounting for

these effort levels.

6.2 Structural Parameter Estimates

Table 2 reports the estimates of salespeoples’ product-type-specific selling and negotiating costs

and their risk aversion. The first column reports the average cost estimate (intercept), and columns

2 and 3 report estimates for observed heterogeneity in costs based on salesperson gender (male)

and age, respectively. Recall that the estimates for all efforts are relative to the selling effort for

MTO products which has been normalized to 1 (Equation 10).

An estimate of 5.08 implies that the total cost of exerting effort is $160.53 (= exp(5.08)) for

the average salesperson. A coefficient of 0.02 in the second row implies that the marginal relative

cost of selling RFD products is approximately 1.015 (= exp(0.02)), i.e. comparable to that of

selling MTO products. Similarly, the coefficient of −0.05 for the relative cost of negotiating MTO

products implies that on average, the cost of negotiating over MTO products is 5% lower than

the cost of selling MTO products. The estimates reveal that the disutility from negotiating over

35
Marketing Science Institute Working Paper Series



MTO products is comparable to that from selling MTO products. The coefficient in the second-

last row implies an almost zero cost of negotiating over RFD products. Salespeople, therefore,

face different costs of negotiating over MTO and RFD products. The zero costs of negotiating

for RFD products can stem from the fact that consumers are less sensitive to the prices of these

products and therefore, it is much easier for the salesperson to charge higher markups. The lower

cost of negotiating over RFD products is also consistent with the significantly higher variation

in their markups (Figure 2). Thus, on top of significant costs of selling effort across products,

our estimates reveal (i) substantial and comparable costs of negotiating over MTO products, and

(ii) an asymmetry in the negotiating costs for MTO and RFD products, thereby emphasizing the

importance of estimating negotiating effort separately for each product-type.

Focusing on the coefficients for gender and age, we find that selling costs are higher for men

whereas negotiating costs are higher for women. Although neither of these effects are statistically

significant, the direction of their impact, especially for negotiating costs, is consistent with extant

literature which finds that women receive worse outcomes in negotiations (Ayres and Siegelman

1995). Finally, we estimate negligible impact of age on selling and negotiating costs.

Table 2: Structural Model Estimates

Intercept (1)
Gender - Male

(2)
Age (3)

Total Cost
5.08

(4.47, 5.17)
0.22

(-1.52, 1.19)
0.07

(-0.15, 0.34)

Relative Cost of Selling RFD
0.02

(-32.58, 0.59)
0.17

(-2.41, 7.34)
0.01

(-0.35, 7.68)

Relative Cost of Negotiating MTO
-0.05

(-37.06, 1.80)
-6.04

(-10.45, 6.80)
-0.39

(-24.75, 7.03)

Relative Cost of Negotiating RFD
-15.10

(-146.24, -0.37)
-1.67

(-11.36, 3.74)
-0.35

(-21.56, 44.87)
Risk aversion 1.26e-04

Note. The Table reports estimates of different selling costs from the second-stage structural model. The columns
labeled “Gender (Male)” and “Age” report estimates of how costs vary with these characteristics. The column labeled
“Intercept” report estimates for the average salesperson. Note that the costs are estimated subject to the exponen-
tial transformation. 95% confidence intervals of the estimates based on 500 bootstrapped samples are reported in
parenthesis. The standard errors account for uncertainty in both - the first and the second stage.
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We estimate a value of 1.26e−04 for ρ , which implies a small degree of risk aversion.28 This is

in line with previous research and exhibits a salesperson’s preference towards contracts tied to sales

as compared to a fixed salary. To provide an economic interpretation of our results, we compute

the salesperson’s outcome elasticity and the revenue elasticity corresponding to a 1% increase in

the total cost of exerting effort given our estimates of effort disutility. Specifically, we increase the

total cost of effort by 1%, assuming this increase was due to an increase in the effort of the focal

activity and product type only. Next, we compute the percentage change in revenue through the

changes in the corresponding performance. These statistics provide an interpretation of the cost

parameters taking into account how revenue responds to changes in selling and negotiating effort.29

We estimate revenue elasticities of 0.88 and 1.89 corresponding to the cost from increasing selling

effort for MTO and RFD products, respectively. Thus, for the same increase in cost, all else equal,

the retailer would prefer the salesperson to exert effort in selling RFD products as opposed to MTO

products. In our data, the commission rates for RFD products are slightly higher than the average

for MTO products. The revenue elasticities, therefore, lend support to the analysis in Srinivasan

(1981) which shows that commission rates should be higher for products which have a higher sales

elasticity with respect to the cost of exerting effort.

We estimate a revenue elasticity of -2.91 with respect to the cost from increasing negotiating

effort for MTO products. This elasticity can be decomposed into the main positive effect of higher

markup on revenue and the indirect negative effect of higher markup through the COGS equa-

tion. We find that the markup and the COGS elasticities with respect to the cost of negotiating

effort are 0.69 and -3.59, respectively; together resulting in a revenue elasticity of -2.91.30 Hence,

even though the retailer provides salespeople incentives to sell at higher prices, all else equal, the

marginal benefit to the retailer is higher if the salesperson increases selling effort as opposed to

increasing negotiating effort.

28We estimated a model assuming risk neutral consumers and do not find any qualitative differences in cost esti-
mates. These estimates are available from the authors.

29We do not estimate these statistics for negotiating RFD products since the cost of of selling was estimated to be
zero.

30The elasticities of markup and COGS with respect to cost of negotiating imply a price elasticity of COGS of -5.1
(=− 3.59

0.69 ).
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7 Importance of Pricing Incentives and Multi-tasking

We now use the structural model cost estimates from Table 2 to understand the relative importance

of pricing incentives and the value of multi-tasking.

7.1 Pricing versus Sales Incentives

To quantify the relative importance of pricing and sales incentives, we focus on a representative

salesperson with average values of observables. We first compute the optimal selling and nego-

tiating effort for all periods for both product types under the existing compensation scheme. For

this analysis, we divide the PTQ into 121 equal grid points varying from 0 to 1.20, and for each

grid point, we compute the optimal effort using backward induction. In other words, we start from

the last period (period 4), which allows us to compute the salesperson’s value function in period

4. Next, we compute the optimal effort in period 3 at each of the points on the grid taking into ac-

count the state-specific value function in period 4. We repeat this process for periods 2 and 1. The

PTQ at the beginning of period 1 is always set to 0. The recovered optimal effort in each period

allows us to compute the retailer’s revenue, profit and product type-level COGS and markup, and

the salesperson’s total wage and utility. Next we repeat the process for two different compensation

schemes - one which excludes sales incentives (the quota and overachievement bonuses), and an-

other which excludes pricing incentives (target markup, ceiling markup, and variable commission

rate).

The top panel of Table 3 reports the percentage change in retailer’s profit (column 1), revenue

(column 2), COGS (column 3), average markup (column 4), salesperson’s wage (column 5) and the

salesperson’s utility (column 6) in going from the current compensation scheme to the indicated

alternative compensation scheme. Eliminating sales incentives lowers the salesperson’s incentive

to generate higher sales, which results in a 7% reduction in COGS and a 1% reduction in the nego-

tiated markup. Selling effort decreases more than negotiating effort due to the presence of pricing

incentives. Together, these lower the retailer’s profits by 8% which is in line with the numbers
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(8% - 17%) reported by Chung, Steenburgh, and Sudhir (2014) and Jindal and Newberry (2021)

in different selling contexts. Eliminating the sales incentives also adversely affect the salesperson

and lowers her wages and utility by 16% and 4%, respectively.

Table 3: Importance of Pricing Incentives

Profit
(1)

Revenue
(2)

COGS
(3)

Markup
(4)

Wage
(5)

Utility
(6)

No Sales incentives -8% -8% -7% -1% -16% -4%
No Pricing incentives -31% 15% 31% -13% 21% 55%
Importance of different Pricing incentives

No target markup -1% -1% -1% 0% -1% 0%
No ceiling markup -1% 0% 0% 0% -1% 1%
No variable commission -29% 8% 21% -11% 14% 54%

Note. The Table reports percentage changes in the retailer’s revenue, profits, salespeoples’ wages and the retailer’s
COGS under alternate compensation schemes. These estimates are based on the period-specific optimal efforts for a
salesperson with average values of observables.

By contrast, eliminating pricing incentives no longer motivates the salesperson to maintain

the same level of markups for MTO products. This results in an overall reduction of 13% in the

negotiated markups. Although not reported, almost all of this reduction comes from lower markups

negotiated for MTO products. As a consequence, the COGS increases due to the demand response,

which combined with the increase in selling effort, results in a 31% increase in COGS. Whereas

the salesperson is better off due to the higher COGS and revenue, eliminating pricing incentives

lower the retailer’s profits by 31%. Pricing incentives, therefore, are significantly more important

relative to sales incentives in aligning incentives between the salesforce and the firm.3132 Having

said this, eliminating pricing and sales incentives differentially impact salespeoples’ allocation

of effort across selling and negotiating. Whereas eliminating sales incentives lowers effort in

both activities, eliminating pricing incentives results in a substitution of effort from negotiating to

selling. The fact that eliminating either pricing or sales incentives lowers profits shows that the

retailer’s current compensation scheme aligns the retailer’s and the salespeoples’ incentives.
31To the extent that the pricing incentives are qualitatively similar to the first best compensation scheme, our results

confirm that contracts more different from the first best compensation scheme result in lower profits.
32We get qualitatively similar results if we change the salesperson’s commissions to keep their wages, in either

counterfactual, the same as the base case.
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Figure 6: Importance of Multi-tasking
Note. The figure shows, under each condition, the changes in retailer’s profits, COGS, markup and the salesperson’s
utility from eliminating sales incentives. The columns differ in whether the salesperson can reallocate effort across
activities and products, only across activities or is unable to reallocate effort across activities.

7.2 Importance of Features of Pricing Incentives

We now explore how different pricing related features of the compensation scheme such as the

target markup, the ceiling markup and the variable commission rate influence the retailer’s profits.

In principle, the target and ceiling markups are similar to the quota bonus and ceilings on sales

commissions (Misra and Nair 2011) in that they reward the salesperson for achieving a certain

threshold in an activity and impose an upper bound on how much the salesperson can benefit.

Though they differ in that these thresholds are applied to realized markups as opposed to total

revenue. Whereas eliminating the target bonus lowers the salesperson’s incentive to charge a high

markup, eliminating ceiling markups increases the salesperson’s incentive to do so. This increase,

however, comes with a lower COGS. As shown in the lower panel of Table 3, eliminating either

of these thresholds marginally lowers the retailer’s profits. The negative effect of removing ceiling

markups is different from that in Misra and Nair (2011) because the ceiling in our context applies

to markups, and any changes in markups are accompanied by a demand response. By contrast,

if we fix the commission rate for MTO products to the average commission rate of the product
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type in the data, i.e. eliminate the variable commission rate (and the ceiling markup), the retailer’s

profit goes down by 29%. Thus, almost all of the 31% reduction in profits from eliminating pricing

incentives can be attributed to eliminating the variable commission rates.

7.3 Importance of Multi-tasking across Activities

The results in Table 3 are driven in part by the salesperson’s ability to reallocate effort across

activities and product-types. We now explore how the ability to reallocate efforts across activities

impacts the retailer’s profits and the salesperson’s wages. To do so, we study how eliminating

sales incentives impacts the retailer’s profits if the salesperson is unable to reallocate effort for

MTO products.33 The blue (left-most) bars in Figure 6 show the change in profit, COGS, markup

and salesperson utility when a salesperson does not have any restriction in effort allocation, when

sales incentives are removed (Row 1 in Table ). Then, we first fix effort in selling and negotiating

RFD products to the optimal efforts under the current compensation plan, and allow the salesperson

to only optimize selling and negotiating for MTO products. The black (middle) bars in Figure 6

show that not allowing the salesperson to reallocate effort across product-types hurts (relative to

the blue bars) both the retailer and the salesperson. Using this as a benchmark, we again compute

optimal selling effort for MTO products by fixing the negotiating effort for MTO products to the

optimal level (orange right-most bars). Only allowing the salesperson to optimize selling effort

increases the retailers profits (from -20% to -10%) but lowers the salesperson’s utility (from -10%

to -14%).34 Hence, not allowing the salesperson to reallocate effort across selling and negotiating

is beneficial for the retailer but hurts the salesperson. This is because in the absence of sales

incentives, a salesperson, when allowed to optimally choose both selling and negotiating effort for

MTO product-types, is likely to decrease revenue by decreasing both markup (by 4%) and COGS

(by 10%). However, when the salesperson is able to optimize only over the selling effort, she has

33We focus on eliminating sales incentives since this directly impacts the salesperson’s incentive to exert effort in
both selling and negotiating. By contrast, eliminating pricing incentive only impacts the salesperson’s incentive to
exert effort in negotiation for MTO products.

34We find qualitatively similar results if we fix MTO efforts instead of fixing RFD efforts.
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no option but to decrease COGS (by 11%) while maintaining the markup level.

Given that not allowing the salesperson to reallocate efforts across activities is beneficial for

the retailer, a natural follow up question is whether the retailer should allow price discretion at all.

Eliminating negotiation, on one hand, will eliminate the salesperson’s ability to reallocate effort

thereby potentially increasing retailer’s profits. On the other hand, this will lower the salesperson’s

incentives to exert selling effort since they no longer benefit from selling at a higher price. Fixing

the markup to the average markup, and the commission rate for MTO products to the average

commission rate observed in the data, we allow the salesperson to optimize selling efforts for each

product type in the absence of negotiations. We find that eliminating price discretion lowers the

retailer’s profits by 10%. The reduction in profits is driven by the salesperson lowering her effort

in selling under the alternate (fixed pricing) compensation scheme, which lowers the salesperson’s

wages and utility. Thus, even though the salesperson’s ability to reallocate effort across activities

hurts the retailer, eliminating the negotiating activity altogether and moving to fixed pricing is not

profitable for the retailer.

8 Discussion and Conclusion

Understanding how salesforce compensation influences effort allocation and retailer’s profits is an

important research area given the wide prevalence of sales jobs in the workforce, and its contribu-

tion to the country’s GDP. In a number of such settings, salespeople are not only responsible for

selling, but also have at least partial control over the transacted prices. Yet, extant empirical re-

search in this domain has focused on settings where prices are fixed, and barring a few exceptions,

has exclusively studied effort decisions along a single dimension, i.e. selling. In settings where

prices are set by a salespeople, a firm may incentivize salespeople to not only sell more, but also

to do so at higher margins. In this paper, we study how salespeople respond to such incentives

and explore their relative importance in a setting where salespeople expend effort along multiple

activities.
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Utilizing data from a large durable goods retailer in the U.S., we estimate a structural model of

salespeoples’ effort allocation taking into account both selling and pricing decisions. The model

allows for dynamic effort allocation due to the presence of quota bonuses and an overachievement

bonus, while at the same time, allows for salespeople to allocate effort between selling and ne-

gotiating. Estimates reveal that the disutility associated with negotiating is just as important as

the disutility from selling. Based on these estimates, we find that eliminating pricing incentives

lowers the retailer’s profits much more than eliminating sales incentives. Further, the profitability

of pricing incentives is primarily driven by the variable commission rates. Finally, even though the

salesperson’s ability to reallocate efforts across selling and negotiating hurts the retailer, moving

to fixed pricing is not profitable for the retailer.

To the best of our knowledge, this is the first paper which studies the relative importance of

pricing and sales incentives - two levers at the retailer’s disposal to align salespeoples’ incentives

with that of the retailer. Our analysis focuses on multi-tasking salespeople but differs from recent

research in that effort in selling and negotiating can either be complements or substitutes within a

period due to the relationship between outcomes and the interdependence between activities in total

disutility. Although this paper furthers our understanding of compensation schemes when prices

can be negotiated, we do acknowledge certain limitations of our analysis. First, we treat each

month as an independent unit of analysis and do not allow any spillovers of effort from one month

to another, which ignores the possibility that salespeople learn about effort allocation from one

month to another. Accounting for this spillover, and exploring whether the retailer should offer

fixed wages or outcomes-based bonuses depending on salesperson experience is an interesting

topic which we defer to future research. Second, we take a reduced form approach to model

the negotiated prices. Although we account for selection and endogeneity concerns pertaining to

observed markup, we do not model the negotiated prices through a more formal model such as the

generalized Nash bargaining solution. Third, in our setting, the salesperson sells different types

of products. Although we account for these differences in our analysis, we do not explicitly study

the importance or profitability associated with selling multiple products. We believe extending
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the analysis to address these limitations will further our understanding of the role of compensation

schemes with negotiated prices. Finally, although we directly compare pricing and sales incentives,

and assess profits under fixed pricing, our analysis does not speak to the optimal values of the quota,

target and ceiling markup, and the relationship between markups and variable commission rates.

We believe designing the optimal compensation scheme by accounting for all of these features is

an interesting problem, which we defer to future research.
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SCHÖTTNER, A. (2017): “Optimal Sales Force Compensation In Dynamic Settings: Commissions
Vs. Bonuses,” Management Science, 63(5), 1529–1544.

SHELEGIA, S., AND J. SHERMAN (2021): “Bargaining at Retail Stores: Evidence from Vienna,”
Management Science.

SIMESTER, D., AND J. ZHANG (2014): “Why do Salespeople Spend So Much Time Lobbying for

47
Marketing Science Institute Working Paper Series



Low Prices?,” Marketing Science, 33(6), 796–808.
SINGH, S. S., R. SEN, AND S. BORLE (2021): “Online Training of Salespeople: Impact, Hetero-

geneity, and Spillover Effects,” Journal of Marketing Research.
SRINIVASAN, V. (1981): “An Investigation of the Equal Commission Rate Policy for a Multi-

Product Salesforce,” Management Science, 27(7), 731–756.
STEENBURGH, T. J. (2008): “Effort or Timing: The Effect of Lump-Sum Bonuses,” QME, 6(3),

235–256.
STEPHENSON, P. R., W. L. CRON, AND G. L. FRAZIER (1979): “Delegating Pricing Authority

to the Sales Force: The Effects on Sales and Profit Performance,” Journal of Marketing, 43(2),
21–28.

WAISER, R. (2021): “Involving Sales Managers in Sales Force Compensation Design,” Journal of
Marketing Research, 58(1), 182–201.

WEINBERG, C. B. (1975): “An Optimal Commission Plan for Salesmen’s Control Over Price,”
Management Science, 21(8), 937–943.

ZHANG, X., P. MANCHANDA, AND J. CHU (2021): “’Meet Me Halfway’: The Costs and Benefits
of Bargaining,” Marketing Science, forthcoming.

48
Marketing Science Institute Working Paper Series



Web Appendix A - First Best Compensation Plan

Given the retailer’s objective, the first best compensation plan should incentivize salespeople di-

rectly based on the profit. One such compensation scheme, with a constant commission rate ω ,

would (ignoring salesperson and period subscripts) result in wages:

W = ω ∑
j

(
p j− c j

)
= ω ∑

j

p j− c j

p j
p j

= ∑
j

ω

(
1− 1

m j

)
p j = ∑

j
λ j p j

where m j =
p j
c j

is the markup at which the product is sold, and λ j = ω

(
1− 1

m j

)
is the product-

specific commission rate applied to the selling price. As is evident in Figure 7, this commission

rate is concave in the product’s markup. As we discuss in the paper, the commission rate used

by the retailer for MTO products is piecewise linear, but results in an overall concave commission

rate similar to the first-best compensation scheme. Note that if the base commission rate (ω) in the

first best compensation scheme varies with the negotiated markup, then the resulting commission

rate applied to the selling price (λ j) could either be linearly increasing or convex in the negotiated

markup.
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Figure 7: First Best Commission Rate
Note. The figure shows how a salesperson’s commission rate under the retailer’s current compensation scheme (dashed
line) and under the first best scheme (solid line) varies with the negotiated markup.
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Web Appendix B - Response of Sales, COGS, and Markup to

PTQ

Table 4: Sales, Cost of Goods Sold and Markup response to Progress to Quota

Cost of Goods Sold (COGS) Markup
Sales
(1)

Aggregate
(2)

MTO
(3)

RFD (4)
Aggregate

(5)
MTO

(6)
RFD (7)

Linear Specification
R-Square 24.58% 25.05% 26.04% 19.17% 8.61% 13.22% 5.62%

PTQ
1.842**
(0.263)

1.53**
(0.214)

1.316**
(0.181)

0.215**
(0.047)

0.005
(0.011)

-0.011
(0.008)

-0.007
(0.03)

I (Quota Met)
-0.405
(0.657)

-0.287
(0.541)

-0.211
(0.443)

-0.077
(0.195)

-0.012
(0.023)

-0.037*
(0.02)

0.03
(0.068)

PTQ * I(Quota Met)
-0.73

(0.535)
-0.636
(0.446)

-0.561
(0.351)

-0.074
(0.16)

0.005
(0.016)

0.026*
(0.014)

0.007
(0.05)

Quadratic Specification
R-Square 24.74% 25.20% 26.13% 19.41% 8.69% 13.24% 5.70%

PTQ
2.82**
(0.539)

2.292**
(0.445)

1.91**
(0.395)

0.382**
(0.099)

0.07**
(0.031)

0.005
(0.022)

0.144
(0.088)

PTQ Sq.
-1.365*
(0.798)

-1.062
(0.658)

-0.83
(0.566)

-0.232*
(0.14)

-0.09**
(0.038)

-0.023
(0.026)

-0.209**
(0.104)

I (Quota Met)
-2.571
(2.096)

-2.106
(1.706)

-1.249
(1.593)

-0.857**
(0.293)

0.006
(0.055)

0.003
(0.044)

0.008
(0.189)

PTQ * I(Quota Met)
0.86

(2.369)
0.756
(1.93)

0.083
(1.822)

0.673**
(0.314)

-0.075
(0.066)

-0.035
(0.05)

-0.109
(0.226)

PTQ Sq. * I(Quota
Met)

0.734
(0.966)

0.533
(0.794)

0.525
(0.719)

0.008
(0.142)

0.093**
(0.041)

0.034
(0.028)

0.2*
(0.118)

Note. The top (bottom) panel reports results from a regressions allowing for linear (quadratic) effect of PTQ on the
dependent measure as indicated at the top of each column. Each specification is based on 3,632 salespeople-month-
periods, and controls for weather related variables such as rainfall in the county where the retailer is located, rainfall
in the neighboring counties, and incidence of snow, fog and thunderstorm in the area. Additionally, the specifications
include salesperson fixed effects and month fixed effects to account for salesperson and month level differences.
Standard errors, reported in parenthesis, are clustered by salespeople. The asterisk denote the following: **: p < 0.05,
*: p < 0.10.
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Web Appendix C - COGS and Markups by Period

Table 5: Cost of Goods Sold and Markup by Period

COGS Markup
MTO

(1)
RFD (2)

MTO
(3)

RFD (4)

Period 1
$743

($922)
$240

($329)
1.193

(0.077)
1.267

(0.279)

Period 2
$1,054
($1,295)

$307
($403)

1.193
(0.111)

1.259
(0.335)

Period 3
$1,117
($1,390)

$310
($416)

1.190
(0.065)

1.265
(0.247)

Period 4
$1,849
($2,074)

$449
($489)

1.188
(0.06)

1.265
(0.223)

Note. The table reports the average and standard deviation (in parenthesis) of the COGS and markups for each period
by product-type. The numbers are scaled such that the monthly quota is normalized to $10,000 and the ceiling markup
is normalized to 1.25.
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Web Appendix D - Comparison of Commissions computed at

Item and Period level
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Figure 8: Total and Product-specific Commissions computed at Item and Period level
Note. The figures show a scatter plot with the commissions computed based on individual items sold on the X axis,
and those computed based on period-level sales and markups on the Y axis. The figures vary in either the level of
aggregation (period or month) or the type of product for which commissions are computed.
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Web Appendix E - Policy Function Estimation Steps

We estimate the effort and performance outcome functions by following the steps below:

1. Markup policy functions

(a) Estimate the bivariate probit model of positive sales of both product types on demand

shifters (XD
it ), effort shifters (Xe

it), state variables (Sit), and instrument for markup se-

lection (ZS
it), and compute the Inverse Mills Ratio.

(b) Regress product-specific markups on demand shifters (XD
it ), effort shifters (Xe

it), state

variables (Sit), and Inverse Mills Ratio for both product types (equations 9 and ??) to

estimate the effect of demand shifters (β MO and β MR) and the parameters of the effort

policy functions (γMO and γMR).

2. COGS policy functions

(a) Regress product-specific markups on demand shifters (XD
it ), effort shifters (Xe

it), state

variables (Sit), the product-specific instrument for the markup (ZM
it ) and Inverse Mills

Ratio for both product-types (obtained from step 1(a)).

(b) Compute expected markup (M̂O
it ,M̂

R
it ) based on the above regression.

(c) Run a bivariate regression for COGS on demand shifters (XD
it ), effort shifters (Xe

it), state

variables (Sit) and the expected markup from 2(b) (M̂O
it ,M̂

R
it ) to estimate the effect of

demand shifters (βCO and βCR) and the parameters of the effort policy functions (γCO

and γCR).
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Web Appendix F - Effort Policy Function Estimates

Table 6 - Estimates of Policy Functions

Variable Description COGS

(MTO)

COGS

(RFD)

Markup

(MTO)

Markup

(RFD)

X1 Intercept 2.8995 2.77954** 1.38137** 1.72636**

X2 Precipitation in the county 0.43491** -0.0818 0.00859 -0.09265

X3 Precipitation in the

neighboring county

-0.25969 0.37174 0.00441 0.13369*

X4 Footfall -0.0198 -0.03282 0.00258 -0.01258*

X5 Fraction of customers in

category 1

0.31226 1.61221** 0.15105** 0.32724*

X6 Fraction of customers in

category 2

1.86592** 0.29098** -0.0409 -0.14057

X7 Fraction of customers in

category 3

1.15978** 0.73649** 0.01011 -0.02988

X8 2nd basis of X2 -0.02619** 0.0055 -0.00104 0.00574*

X9 2nd basis of X3 0.01484 -0.03604 0.00028 -0.01104*

X10 2nd basis of X4 0.00007 0.00012 -0.00001* 0.00004

X11 2nd basis of X5 -1.05441** -0.84424** -0.06857** -0.11786

X12 2nd basis of X6 -1.01185** -0.21054** -0.01161 0.01656

X13 2nd basis of X7 -0.74166** -0.25261** -0.02025 0.02757

X14 February 0.04901 0.03126 -0.02778 0.13297**

X15 March -0.17955 0.02139 -0.03772** 0.08744*

X16 April -0.11467 0.01152 -0.03052** 0.07386

X17 May -0.32053 -0.04685 -0.00713 0.06729

X18 October -0.097 0.196** -0.00444 0.09168

X19 November -0.56091** -0.13154* -0.01249 0.00261

X20 December -0.27935 -0.17576** -0.00755 0.03367

S1 PTQ -0.88911 0.29251** 0.21853** 0.17774

S2 Salesperson tenure 0.03477 0.01333 0.00163 0.00631

S3 Salesperson productivity 0.02633 0.06817 -0.00917 0.04066*

S4 2nd basis of S1 0.18017 -0.34124** -0.01995 -0.13765*

S5 2nd basis of S2 -0.00037 -0.00173 -0.00032** -0.00046

S6 2nd basis of S3 -0.00092 -0.00209 0.00002 -0.00111**

S7 S1*S2 0.14423** -0.0376** 0.00815 -0.02231

S8 S1*S3 -0.03503 -0.08083** -0.01207 -0.03347

S9 S1*S4 0.07638* 0.01713 0.00108 -0.00039

S10 S1*S5 -0.00275** 0.00044 -0.00012 0.00024

S11 S1*S6 0.00167 0.0017 0.00013 0.0006
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Variable Description COGS

(MTO)

COGS

(RFD)

Markup

(MTO)

Markup

(RFD)

S12 S2*S3 -0.02127** 0.00488** -0.00016 0.00035

S13 S2*S4 -0.04426* 0.02989** -0.00233 0.01199

S14 S2*S5 0 0.00003 0.00001** 0.00001

S15 S2*S6 0.0004** -0.00016 0.00001 -0.00002

S16 S3*S4 -0.01227 0.02909** 0.00294 0.01267

S17 S3*S5 0.00028* -0.00002 0.00001 0.00001

S18 S3*S6 -0.00006 0.00007 0 0.00002*

S19 S4*S5 0.00077* -0.00054** 0.00003 -0.00019

S20 S4*S6 -0.00008 -0.00052** -0.00003 -0.00021*

S21 S5*S6 -0.00001 0 0 0

S22 Period 2 -0.08838 -0.09146** -0.04508 0.01077

S23 Period 3 -0.3112 0.07704** -0.09714 0.05581

S24 Period 4 -1.42001* 0.6982** -0.20352** 0.405

S25 S1*X1 -0.18613** -0.0446 -0.01136* -0.0012

S26 S1*X2 0.36038** 0.05509 0.01848 0.00114

S27 S1*X3 0.01123* 0.00165 -0.00109* 0.00062

S28 S1*X4 -2.35214** -0.20349** -0.07361 -0.09269

S29 S1*X5 0.30183 0.09679** -0.04449 0.0252

S30 S1*X6 -0.23007 0.67839** -0.0246 0.23219*

S31 S2*X1 0.00219 -0.00087 0.00005 -0.0003

S32 S2*X2 -0.00214 0.00064 0.00002 -0.00011

S33 S2*X3 0.00006 0.0003 0 0.00012**

S34 S2*X4 0.02728 -0.01238** -0.00017 -0.00245

S35 S2*X5 0.01737* 0.00368** 0.00132 0.00251

S36 S2*X6 0.00743 -0.00029 0.00005 0.00203

S37 S3*X1 0.00793** -0.0002 0.00016 -0.00108

S38 S3*X2 -0.00762 0.00262 0.00019 0.00254

S39 S3*X3 0.00057* -0.00027 0.00006** -0.00004

S40 S3*X4 0.13228** 0.02908** 0.00192 0.00182

S41 S3*X5 0.07669** 0.00894** 0.00418** 0.00066

S42 S3*X6 0.10746** -0.02816** 0.00525** -0.0124*

S43 S22*X1 -0.64332* 0.18079** -0.0304 0.22283*

S44 S22*X2 1.6394* -0.43512** 0.05695 -0.49928*

S45 S22*X3 -0.01073 -0.00115 0.00065 0.00005

S46 S22*X4 0.82809** 0.31863 -0.02313 0.05403

S47 S22*X5 0.48588** 0.3658** -0.01741 0.14807*

S48 S22*X6 0.51667** 0.31432** 0.01092 0.09185

S49 S23*X1 -0.05139 0.06145 0.00827 0.02847

S50 S23*X2 -0.00665 -0.10412 -0.0435* -0.00717

S51 S23*X3 -0.00394 -0.00042 0.00101 -0.00044

S52 S23*X4 1.36235** 0.476** 0.00831 0.15205

S53 S23*X5 0.56389** 0.01824** 0.05019** -0.02315

S54 S23*X6 0.65694** -0.17719 0.04501** -0.09739
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Variable Description COGS

(MTO)

COGS

(RFD)

Markup

(MTO)

Markup

(RFD)

S55 S24*X1 -0.54208** 0.02104 0.00305 0.03171

S56 S24*X2 1.25258** -0.1253 -0.00454 -0.11899

S57 S24*X3 -0.00244 -0.00588 0.00197** -0.00319

S58 S24*X4 4.12543** 0.42904** 0.02147 0.15881

S59 S24*X5 1.66332** 0.11155** 0.0529* 0.00553

S60 S24*X6 1.46528** -0.18609 0.01761 -0.12368

M1 Markup -3.87783** -2.23033**

IMR1 IMR Y1 0.9261** 0.28748** 0.01676 0.0701

IMR2 IMR Y2 0.16325 -0.08501 0.06553** -0.04044

Note. The table reports the reduced form estimates of the first-stage effort policy functions for both selling and

negotiating for either product type. The asterisk denote the following: **: p < 0.05, *: p < 0.10.
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