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EFFORT OR TIMING: THE EFFECT OF LUMP-SUM BONUSES 

 

This article addresses the question of whether lump-sum bonuses motivate 

salespeople to work harder to attain incremental orders or whether they induce 

salespeople to play timing games (behaviors that increase incentive payments without 

providing incremental benefits to the firm) with their order submissions. We find that 

lump-sum bonuses primarily motivate salespeople to work harder, a result that is 

consistent with the widespread use of bonuses in practice, but that contradicts earlier 

empirical work in academics. 
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I Introduction 

Those who manage salespeople commonly believe that lump-sum bonuses are an 

effective motivator. A recent field survey (Joseph and Kalwani, 1998) finds that 72% of 

firms use bonuses in their sales incentive contracts, whereas only 58% use commission 

rates, the next most common form of incentive pay.2 Moynahan (1980, p. 149) states in 

his book on designing effective sales incentive contracts that “for the majority of 

industrial sales positions, [lump-sum bonuses are] probably the optimum form of 

compensation.” While lump-sum bonuses are not considered to be the only sound way to 

motivate salespeople, they are widely regarded in the trade literature (Agency Sales 

Magazine, Sep 2001; Bottomline, Oct 1986) and in textbooks on sales compensation 

planning (Churchill et al., 2000) as an effective motivator. 

Given the business world’s preoccupation with lump-sum bonuses, it is 

interesting to note that academics are divided as to their effectiveness. Two main 

arguments are advanced against their use. First, as Holmstrom and Milgrom (1987) and 

Lal and Srinivasan (1993) point out, the motivational effects of lump-sum bonuses 

disappear once sales quotas have been met and incentives have been earned. “It is not 

uncommon,” write Lal and Srinivasan, “to hear of salespeople spending time playing golf 

or indulging in other leisurely activities if their past efforts have been unusually 

successful.”3 A flat commission rate, on the other hand, should not induce such 

fluctuations in behavior since the incentive to work is constant over time and independent 

of how well or poorly an individual has performed in the past. 

                                                 
2 Joseph and Kalwani (1998) also find that 35% of firms include both bonuses and commission rates and 
5% offer salary alone. 
   
3 This argument is not limited to bonuses; other nonlinear incentive contracts, such as tiered commission 
rates, share the disadvantage of not offering constant motivation to work. 
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Second, as Oyer (1998) and Jensen (2001) point out, lump-sum bonuses tempt 

salespeople to manipulate the timing of orders to meet sales quotas without having to 

expend additional effort. This type of behavior can take two forms. Salespeople who have 

already made quota are encouraged to push out new orders to the next period to make 

attaining future quotas easier to accomplish, a behavior termed delayed selling. 

Salespeople who would otherwise fall short of their current quota, on the other hand, are 

encouraged to pull in orders from the next period, a behavior termed forward selling. 

These behaviors are in conflict with the firm’s interest because they result in higher 

incentive costs without returning concomitant gains.  

Adverse consequences notwithstanding, some academics maintain that lump-sum 

bonuses positively influence salespeople’s performance. Darmon (1997), among others, 

makes the point that providing bonuses encourages individuals to reach for sales targets 

that they otherwise might not attain.  

The rationale for such plans is simple and well known: Quotas are set so as to provide 

salespeople with objectives that are challenging and worth being achieved. In order to 

enhance salespeople’s performance, management grants them some reward when they 

reach a pre-specified performance level (the quota) which is higher than the level they 

would have achieved otherwise. 

Attention to the study of how goals, such as sales quotas, affect motivation dates to the 

experimental work of Hull (1932, 1938) and Mace (1935). Latham and Locke (1991) 

present the findings of hundreds of subsequent studies in the goal-setting literature. 

McFarland et al. (2002) discuss how multiple quotas affect sales call selection; Darmon 

(1997) discusses what influences management to select specific bonus contract structures; 

and Mantrala et al. (1994) use agency theory to develop an approach for determining 

optimal bonus contracts. 
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The arguments for and against lump-sum bonuses suggest the basic question that 

must be asked by firms considering whether to offer them: Will the productive gains from 

increased effort outweigh the counterproductive losses? This question is not entirely new 

to marketing since the same basic concern applies to the promotion of consumer 

packaged goods.  Just as bonuses can motivate either productive effort or unproductive 

timing games, consumer promotions can increase demand either through increased 

consumption (primary demand) or through brand switching (secondary demand). Gupta 

(1988), Chiang (1991), and Van Heerde, Leeflang, and Wittink (2000) are among those 

who have addressed this issue in the promotions literature. 

Whereas much has been done to quantify the effects of consumer promotions, 

little empirical work has been devoted to the effects of sales incentive contracts. A 

notable exception is Oyer (1998), who provides empirical evidence that nonlinear 

incentive contracts induce temporal variation in firms’ output. Using firm-level data 

across many industries he finds that firms’ reported revenue tends to increase in the 

fourth quarter and to dip in the first quarter of their fiscal years. This result is consistent 

with the notion that some agents of  the firm, whether salespeople or executives, are 

varying effort, manipulating the timing of sales, or both in response to annual incentive 

contracts. As the magnitude of the spikes and dips are roughly equivalent in Oyer’s 

analysis (see Table I for estimates from a few industries), we might infer that timing 

games play a particularly important role.  

< Insert Table I about here > 

This paper more closely examines whether lump-sum bonus contracts motivate 

salespeople to work harder or inspire them to manipulate the timing of output. Our work 
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is based on a unique data set in which both the incentive contracts and the realized output 

of individual salespeople is observed. We show that knowing the precise structure of the 

incentive contract (which, in contrast, Oyer (1998) does not observe) is critical to 

understanding whether greater effort or timing games explain the resulting variation in 

output. We consider how individuals’ past performance within a bonus period influences 

their behavior and show that salespeople seem to respond rationally to their incentive 

contracts. We find that the effects due to greater effort are much stronger than the effects 

due to timing games, which is consistent with the widespread use of lump-sum bonus 

contracts in practice. 

 

II Literature Review 

An extensive theoretical literature in marketing and economics, usually focused 

on finding an optimal incentive contract under a given set of conditions, explores how 

various incentive contracts affect worker motivation. Basu et al. (1985), Rao (1990), Lal 

and Srinivasan (1993), Joseph and Thevaranjan (1998), Gaba and Kalra (1999), and 

Godes (2002), among others, examine issues directly related to sales incentive strategy. 

Several of these studies examine how sales incentive contracts influence effort, but none 

explore timing effects. Gaba and Kalra’s (1999) experimental evidence supports 

theoretical predictions about how salespeople should respond to lump-sum bonuses, but 

they focus on whether salespeople should engage in more risky selling behavior rather 

than whether salespeople should put forth more effort.  

Chevalier and Ellison (1997) suggest that a relatively small empirical literature on 

how people respond to incentives exists because the direct observation of incentive 
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contracts is rare. Coughlan and Sen (1986), John and Weitz (1989), and Coughlan and 

Narasimhan (1992) explore salesforce incentive issues using survey data, but focus on 

firms’ decisions (e.g., what mix of salary and incentive to offer) rather than the behavior 

of salespeople. Banker et al. (2000) and Lazear (2000) find, respectively, that salespeople 

and factory workers increase productivity in response to pay-for-performance incentive 

contracts. These studies, being based on piece-rate incentive contracts that should curb 

such behavior, do not explore timing effects. Healy (1985) finds that managers alter 

accrual decisions (a timing effect) in response to their incentive contracts, but does not 

examine how these contracts affect the managers’ productivity. Our study provides a 

more comprehensive view of workers’ behavior by examining both the effort and timing 

decisions under a directly observed incentive contract. 

 

III Institutional Details 

The focal firm is a Fortune 500 company that manufactures, sells, finances, and 

maintains durable office products. Its products range in complexity from relatively simple 

machines that sit on a desktop to fairly sophisticated ones that fill a room. Prices range 

from less than one thousand dollars to several hundred thousand dollars per machine. In 

addition to its physical products, the firm offers services such as equipment maintenance, 

labor outsourcing, and systems consulting. The firm’s customers include major 

corporations, small businesses, and government agencies. 
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The firm directly employs4 the salespeople in this study, and it broadly classifies 

them as either account managers or product specialists. The account managers are 

responsible for selling basic products and for spotting opportunities in which the product 

specialists may be able to sell more sophisticated ones. There are several types of product 

specialists, each having distinct product-line expertise. Organizationally, the account 

managers make up one salesforce, and the specialists are divided into the remaining 

salesforces by their product expertise. Although several salespeople may serve an 

account, each has unique responsibility and, as a rule, only one salesperson receives 

credit for the sale of a given product. The firm’s culture frowns upon team compensation, 

and very few salespeople share territories. 

The structure of the incentive contract, which is consistent across all of the 

salesforces, is outlined in Table II. The salespeople’s incentive pay is based on the 

amount of revenue that they produce for the firm. The contract includes three quarterly 

bonuses, a full-year bonus, a base commission rate, and an overachievement commission 

rate. The values of the commission rates and bonuses are common within a salesforce, 

but vary across them. The sales quotas are specific to individual salespeople. The bonuses 

and tiered commission rates create a nonlinear relationship between the output of the 

salesperson and the incentive pay that they earn. Roughly half of the salespeople’s pay is 

distributed through salary and the other half through incentives. We make no claim that 

this is an optimal incentive contract, but rather take it as given. Given the survey work of 

                                                 
4 An indirect sales channel exists to reach small and rural accounts. It is composed of roughly eight hundred 
smaller firms that resell the focal firm’s products through “arm’s length” transactions. The focal firm, for 
example, cannot directly compensate the salespeople that work in the indirect channel.  
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Joseph and Kalwani (1998), this structure appears to represent what is commonly found 

in practice. 

< Insert Table II about Here > 

The firm views a salesperson as having had a successful year if the full-year sales 

quota has been met, and the incentive contract places the greatest emphasis on this target. 

The sum of the three quarterly bonuses is worth just slightly more than the single full-

year bonus, and the overachievement commission rate further emphasizes its importance 

to the firm. Long-term incentives outside of the sales incentive contract, such as 

promotions to better job assignments, grade-level increases, and salary increases, also 

depend in part on whether the full-year quota has been met. These extra-contractual 

incentive decisions do not depend on the satisfaction of quarterly quotas. 

 

IV Preliminary Analysis 

1 The Data  

Our study is based on 2,570 salespeople who worked in one of six salesforces.5 

The data consist of 50,106 monthly observations taken from January 1999 to December 

2001. The maximum number of observations per individual is 36 and the average number 

is 19.5. Each month of the observation period, we observe the actual revenue that an 

individual produces for the firm, the associated sales quota or quotas that need to be met, 

                                                 
5 Salespeople who worked in teams, with two or more people sharing quota responsibility and pooling the 
revenue for a given territory, were excluded from the study as these individuals’ incentives might differ 
from those of the general population owing to the free-riding opportunity. 
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and the individual’s tenure with the firm (measured by the number of months that a 

salesperson has been employed).  

Summary information about the salesforces is reported in Table III. Descriptive 

statistics include the number of individuals, the average tenure, and the average, 10th and 

90th percentile sales quotas for each salesforce. Account managers (AM) represent more 

than half of the salespeople in the study. Individuals in this group tend to have lower 

sales quotas than the product specialists (PS1 – PS5) do because they sell the most basic 

products offered by the firm. While the account managers also tend to have less sales 

experience, they are not entry-level salespeople. Their average tenure with the firm is 

over six years, and most individuals have outside experience in sales before joining the 

company. The wide spread between the 10th and the 90th percentile sales quotas is due to 

a significant difference in the sales potential of individual sales territories. 

<Insert Table III about Here> 

Observing the incentives and the revenue production of individual salespeople is 

not enough to determine whether an incentive contract is causing the temporal variation 

in output. We need to control for the possibility that customer behavior explains the 

peaks and dips in revenue production rather than strategic changes in the salespeople’s 

actions. For example, suppose the firm’s customers tend to delay spending until the last 

month of every quarter. The spikes and dips in production might then be attributed to 

market behavior rather than the salespeople’s response to the incentive plan.  

We use the revenue produced by the indirect sales channel as a covariate to 

control for this possibility. The member firms of the indirect channel are compensated 

such that the variation in their output over time can be attributed to market forces rather 
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than to their incentive contracts. In the first two years of the study, firms worked under a 

flat commission rate, while in the final year they worked under a flat commission rate in 

conjunction with a monthly bonus. Agents in this channel lack incentive to lump 

production at the end of quarters. 

2 Preliminary Analysis 

Taking a preliminary view of the problem, we estimate a model based on the 

average salesforce data. The intent is twofold. First, we will show why Oyer’s (1998) 

results do not necessarily provide evidence of timing games. More specifically, we will 

demonstrate that unless we account for the effects of interim bonuses we cannot draw 

meaningful conclusions about whether gains in revenue exceed losses. Second, we 

produce results based on “aggregate” data that will be compared to results based on 

individual-level data in a later discussion. We use data that are averaged across 

individuals in the salesforces (rather than salesforce aggregates) in order to control for 

differences in population size. Salesforce aggregates would be sensitive to the number of 

people working at any given time. 

We estimate the model 

( )
5

2

1

* , ~ 0,st s s t t st st
s

y D X Nα α β ε ε σ
=

= + + +∑  (1) 

The independent variable sty  represents the log of the average revenue produced 

by the salespeople in salesforce s in month t. We use log revenue so the effects are 

proportional rather then additive. sD  is a dummy variable that takes the value one for 

product specialist { }1,...,5s ∈ ; this yields salesforce-specific intercepts. X is composed of 
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the following explanatory variables: FY is a dummy variable that takes the value one in 

December, the month before the full-year bonus period closes. POST.FY takes the value 

one in January, the month after the full-year bonus period closes. These variables are zero 

in all other months. Similarly, Q is a dummy variable that takes the value one in March, 

June, and September, the months before the quarterly bonus periods close. POST.Q takes 

the value one in April, July, and October. These variables are zero in all other months. 

CONTROL.SALES is the average sales revenue generated by the indirect sales channel, 

the control population. This variable is standardized for ease of interpretation. 

We present results for the model that include only year-end effects in Table IV A. 

The revenue production at the end of the bonus period marginally increases 

( 0.1782FYβ = ), signifying that the incentive plan has a positive influence on the 

salespeople’s behavior, but it is exceeded in magnitude by the decrease in revenue after 

the bonus period ends ( . = -0.3393POST FYβ ). The coefficient for the year-end increase is 

not statistically significant. From a broad perspective, these estimates appear similar to 

Oyer’s and may lead us to conclude that the incentive contract encourages salespeople 

only to forward sell, not to work harder.  

< Insert Table IV A about Here > 

Given that the quarterly bonuses are of lesser value than the full-year bonus, we 

might not expect their inclusion to make a significant impact. Yet, when looking at the 

results in Table IV B for the model including both quarterly and full-year effects, the 

picture is now quite different. The positive effects during the bonus periods outweigh the 

negative effects afterwards. In fact, we do not find evidence of a dip in revenue after the 
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quarterly bonus periods end, as .POST Qβ  is insignificant. For the full-year bonus, the dip in 

revenue after the period explains 41% of the increase in revenue during the period.6 

These results suggest the primary influence of the incentive contract is to encourage 

salespeople to work harder, not to play timing games. 

< Insert Table IV B about Here > 

What causes the results to change so dramatically? The baseline sales level is 

overestimated by omitting the quarterly effects because the productive increases in 

revenue at quarters’ end are not followed by counterproductive decreases. Since the 

quarterly effects do not merely cancel each other out, but rather are positive, the intercept 

of the log of revenue drops from 11.6 to 11.4 when we include them. As can be seen in 

Figure I, this affects the parameter estimates and changes our interpretation of the year-

end effects. By not accounting for the quarterly bonuses, we underestimate the spike in 

revenue caused by the full-year bonus and overestimate the dip in revenue following it. 

< Insert Figure I about Here > 

The preliminary analysis illustrates the need for careful modeling, but it brings up 

as many questions as it answers. Most importantly, we have not accounted for 

heterogeneity in individuals’ circumstances that may have an equally important impact 

on our results. For example, while an individual who has already made a bonus is 

encouraged to delay sales, an individual who has not yet made it is encouraged to forward 

sell. Do these effects cancel one another out or does one effect tend to dominate? How 

does this affect our analysis of whether effort or timing effects are more important? We 
                                                 
6 The proportion of the spike in revenue during the bonus period explained by the dip in revenue afterwards 

is calculated as ( ).

1 1
FY POST FY

e eβ β− − . 



 13 

now discuss how an individual’s sales history can influence her or his actions and build 

an individual-level model to capture these effects. 

 

V Theoretical Motivation 

Principal-agent models give us an appreciation of how individuals respond to 

various circumstances. In this section, we discuss the ways we would anticipate a 

salesperson responding given various levels of accumulated sales within a bonus period. 

Specifically, we focus on how past performance influences an individual’s decision to 

work and to play timing games. Our conclusions will suggest that an accurate 

decomposition of effort and timing effects cannot be made without accounting for 

individual-level behavior. This motivates the development of a statistical model based on 

individual-level data. 

1 Effort 

Lal and Srinivasan (1993) point out that past performance influences the level of 

effort exerted when a salesperson is working under a bonus contract. A simple example 

helps clarify this relationship. Consider a salesperson who is working to achieve a 

quarterly bonus. Each month she has the opportunity to sell one unit of a good. By 

working harder she increases the probability of a sale, but greater effort comes at an 

increasing marginal cost. Let tθ  be the probability of a successful sale and 
2

2
tθ  be the 

associated cost of effort in month { }1, 2,3t ∈ . Suppose that the salesperson’s utility for 

wealth is ( )u w . Suppose further that the firm offers a salary of a  no matter what the 
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salesperson produces and a bonus of b  if the salesperson meets or exceeds a quota of 

2q =  units. Let ( ) ( )u a b u a∆ ≡ + −  be the difference in utility between earning and not 

earning the bonus without regard to the cost of effort. 

Figure II illustrates how the salesperson’s past performance affects the level of 

effort exerted in the final month of the quarter. First, consider a salesperson who does not 

complete a sale in either of the first two months. She has no chance of making her quota 

and earning the bonus; consequently, she chooses not to work in month three, a marginal 

decrease in effort from the second period level. Next, consider a salesperson who 

completes sales in both of the first two months. She has already made quota and earned 

the bonus; consequently, she also chooses not to work in month three, a marginal 

decrease in effort from the second period level. Finally, consider a salesperson who 

completes one sale in the first two periods. The third period provides the final 

opportunity for her to make quota; consequently, she marginally increases effort from the 

second period level. (Proof in Appendix I.) 

Despite being simple, this model provides the basic intuition of how individuals 

vary effort when working under a bonus contract. As illustrated in Figure II, those who 

are within reach of the bonus work harder; those who have already earned the bonus 

relax; those who cannot earn the bonus give up. 

< Insert Figure II about Here > 

We summarize the predictions of how salespeople will behave and the 

corresponding influence of this behavior on revenue production (which we observe in the 

data) as follows: 
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Suppose a lump-sum bonus is the only incentive offered for quota attainment. In the final 
month of the bonus period: 

a) Salespeople who can make quota if they stretch will increase effort and their revenue 
production will marginally increase. 

b) Salespeople who either  

i) have already made quota, or  
ii) are unlikely to make quota 

will decrease effort and their revenue production will marginally decrease. 

The firm analyzed in this paper offers an overachievement commission rate in 

conjunction with the full-year bonus. This commission rate will modify how a 

salesperson who has already made quota behaves, but it will not influence the other 

salespeople. Returning to the previous example, suppose the firm offers an additional 

incentive c if the salesperson sells one unit more than her quota. She now will exert 

positive effort in the third month if she sold a unit in each of the first two periods, but she 

still exerts no effort if she did not sell a unit in each of the first two periods. (See Figure 

III.) Given the overachievement commission rate, we make no prediction about whether 

salespeople who have met quota will marginally increase or decrease effort. 

< Insert Figure III about Here > 

2 Timing Games 

Just as past performance influences how hard an individual is willing to work for 

a bonus, it affects the types of timing games that he or she plays with orders. Oyer (1998) 

builds a simple theoretical model to predict how individuals manipulate the timing of 

sales, essentially showing that salespeople will pull in orders from future periods if they 

would otherwise fall short of a sales quota and they will push out orders to future periods 
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if quotas are either unattainable or have already been achieved. The timing-game 

predictions correspond to the effort predictions as follows:  

Suppose a lump-sum bonus is the only incentive offered for quota attainment. In the final 
month of the bonus period: 

a) salespeople who can make quota if they stretch will pull in sales from future periods. 
Their revenue production will marginally increase in the month before and will 
marginally decrease in the month after the bonus period closes. 

b) salespeople who either  

i) have already made quota, or  
ii) are unlikely to make quota 

will push out sales to future periods. Their revenue production will 
marginally decrease in the month before and will marginally increase in the 
month after the bonus period closes. 

 

The timing-game predictions raise the issue of whether it is even possible to 

decompose the effort and timing effects using aggregate data. For instance, suppose one 

group of salespeople is forward selling and another, of equal size, is delaying sales. In 

aggregate, we would see no change in output, as the spikes in output of one group are 

perfectly balanced by the dips in output of another. Orders are being moved across 

periods, but we cannot identify the counterproductive behavior from the data because 

they move equally in both directions. We now turn to developing a statistical model that 

takes into account an individual’s distance from quota so as to accurately identify the 

timing and effort effects. 
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VI Model Development 

1 Defining the Sales History Variables 

The theoretical discussion highlights why we need to account for past 

performance if we are to accurately decompose the effort and timing effects. The 

implementation of this, however, is made difficult by the nonlinear relationship between 

past performance and how an individual behaves. For example, if prior outcomes are 

poor, the salesperson reduces effort near the end of a bonus period. If he or she is within 

striking distance of quota, the salesperson increases effort. Yet, if the quota has already 

been made, the salesperson reduces effort. 

We use categorical variables to capture how past performance affects an 

individual’s revenue production. The variables are created using the individuals’ 

performance to date (PTD) against quota immediately prior to the final month of a bonus 

period. For every month that a salesperson works, we observe the sales quota or quotas 

that need to be met and the actual amount of revenue produced by the individual. An 

individual’s PTD is defined as the ratio of cumulative revenue produced in a bonus 

period to the quota that needs to be met. For example, if a salesperson’s first-quarter 

quota is $400K and she has produced $200K in total at the end of February, the PTD is 

50% against the first quarter quota at that point in time.  

Two sets of categorical variables are needed to capture the effects of sales history 

on revenue production, one set of variables for the month before a bonus period and one 

set for the month following a bonus period. The categorical variables are: EXCEEDED, 

NEAR, STRETCH, FAR, and REMOTE in the month before the end of an incentive 
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period; and POST.EXCEEDED, POST.NEAR, POST.STRETCH, POST.FAR, and 

POST.REMOTE in the month after it. (Note: we add two additional categories, 

VERY.FAR and POST.VERY.FAR, for the full-year bonus period because distribution 

of past performance is wider.) We refer to these as the sales history variables and their 

definitions, which are based on the PTD measure, are given in Table V. We estimate the 

quarterly and full-year effects separately because the amount of compensation at stake is 

greater at the end of the year than it is at the end of a quarter. The observed frequency of 

occurrence for each of the categories is given in Figure IV. 

< Insert Table V and Figure IV about Here > 

An example clarifies how these variables are defined. Suppose a salesperson has 

done very well and her PTD is 120% at the end of February. In March, the variable 

EXCEEDED associated with the quarterly quotas takes the value one and variables 

NEAR, STRETCH, FAR, and REMOTE take the value zero for this salesperson. In 

April, all of the aforementioned variables take the value zero; the variable 

POST.EXCEEDED associated with the quarterly quotas takes the value one; and the 

variables POST.NEAR, POST.STRETCH, POST.FAR, and POST.REMOTE take the 

value zero. (The POST variables take the value zero in March, and all of the variables 

take the value zero in months not surrounding a quarterly bonus.) A similar process is 

used to define the quarterly variables in June, July, September, and October and to define 

the full-year variables in December and January.  

How do we know whether individuals are playing timing games or exerting 

greater effort? Timing games imply that salespeople move orders from one period to the 

next. Subsequently, spikes (dips) in revenue production in the month prior to the close of 
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a bonus period are followed by equivalent dips (spikes) in production in the month after 

it. On the other hand, if the salespeople are just varying effort, spikes or dips in 

production exist in the month prior to the close of an incentive period, but not in the 

month after it. In other words, we infer whether timing games are being played by the 

sign of the coefficient of the POST variables. 

2 The regression model 

We model the revenue production of salesperson i from salesforce s in month t as 

follows: 

( )2, ~ 0,sit si sit s sit sit siy X Nα β ε ε σ= + +  (2) 

( )2~ ,s s sN αα ξ σ  

( )2~ ,s N ξξ γ σ    

( )~ ,s pMVNβ δ Σ    

where 1, ,6s = … ; 1, , si n= … ; { }1, ,36t ∈ … . An individual is identified by two 

subscripts, s and i, in this notation. The constant sn  denotes the number of individuals in 

salesforce s. The month t refers to a specific calendar month; this is necessary to identify 

the market sales, a variable in the vector sitX . A salesperson’s output is measured in 

thousands of dollars of revenue produced for the firm. The variance of the error term is 

assumed to be individual specific. (See Appendix II for the full conditional posterior 

distributions.) 

 Differences among the individual salespeople are accounted for through the 

random intercepts siα . Since individuals within a salesforce have many common 
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characteristics – for example, they sell the same types of products, share common 

managers, undergo similar training, etc. – we model the intercepts as arising from a 

salesforce-specific distribution. In turn, the means of the salesforce-specific 

distributions, sξ , are modeled as arising from a common population distribution. The 

intercepts siα  are interpreted as an individual’s baseline revenue production. 

The vector of explanatory variables, sitX , includes tenure with the firm, market 

sales (measured by the revenue produced in the indirect channel), and the categorical 

variables describing an individual’s sales history at that point in time. The salesforce-

specific parameters sβ  quantify the influence of these variables. Since the sales history 

variables are categorical, we can interpret the coefficients associated with these variables 

as marginal changes in an individual’s revenue production from her or his baseline. We 

model the parameters sβ  as arising from a common population distribution. Our 

specification allows us to draw inference at both the salesforce and population levels. 

We decompose the marginal changes in revenue production into effort and 

timing-game components using the following relationships: Let ∆ be the marginal change 

in revenue production attributable to effort and let Λ be the change attributable to timing 

games. For any given sales history, say for individuals in the STRETCH classification, ∆ 

and Λ are defined as:  

.

.

STRETCH STRETCH POST STRETCH

STRETCH POST STRETCH

δ δ
δ

∆ = +
Λ = −

. 

It is straightforward to find these quantities through the Markov chain Monte Carlo 

(MCMC) output. 
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VII Results 

We summarize the results from equation (2) using the mean and standard 

deviation of the posterior distributions. The population-level results are reported in Table 

VI and the salesforce-level results in Table VII. The incentive contracts generally 

motivate salespeople to produce more revenue during the bonus period. See the 

EXCEEDED coefficients, for example, in Table VI. We now turn to discussing whether 

effort or timing games lead to the increases. 

< Insert Tables VI and VII about Here > 

1 Timing Games 

 Very little support exists for the idea that the salespeople play timing games in 

response to bonuses at this firm. When considered individually, none of the POST 

variables are statistically significant at the population level. (See Table VI.) This holds 

for both the quarterly and the full-year bonus periods. We also consider the weighted-

average of the post-period effects, where the weights are determined by the observed 

frequency of a given sales history. When taken as a group, the 90% credible intervals of 

the weighted means are (-1.9, 8.2) for the quarterly effects and (-12.3, 0.3) for the full-

year effects. Since both intervals contain zero, no support exists for timing games on this 

measure either. 

This is surprising for a few reasons. Salespeople who sell durable goods should be 

able to more directly influence the timing of sales than their consumer goods counterparts 

because each sale requires considerable time and intense customer contact. We would 

expect that these salespeople would have some ability to manipulate the timing of 
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business. Second, a sizeable portion of the focal firm’s business comes from customers 

trading in old equipment. This should make it easier for salespeople to delay the timing of 

sales because not all customers have a pressing need for new equipment. 

Two obstacles may prevent these salespeople from playing timing games. First, 

managers have regular one-on-one meetings7 to discuss where in the sales cycle all 

prospective customers are. This form of monitoring may make it difficult to delay the 

close of business because managers can infer delay tactics when future sales arrive. 

Furthermore, many of the managers have worked their way up through the ranks and 

have established personal relationships in their salespeople’s accounts. If they suspect an 

employee is delaying orders, they may be able to directly contact customers and learn 

when the salesperson initiated the sales process. A monitoring explanation, however, 

does not account for why salespeople do not appear to be forward selling. Sales managers 

have no incentive to prevent this behavior, but we find no evidence of it either. 

An explanation more consistent with the data is that the customers prevent timing 

games from being played in this industry. Spikes in market sales during the final month 

and dips during the first month of bonus periods bolster this idea. (The average values of 

the standardized CONTROL.SALES variable are 0.669 for the final months of a quarter 

and 1.61 for the final month of the year, whereas they are -0.430 for the first month of a 

quarter and -1.40 for the first month of the year.) Recall that the CONTROL.SALES 

variable was taken from an indirect channel that has no incentive to manipulate the 

timing of sales. A plausible explanation of the spikes and dips in these data is that 

customers require sales to close according to their own needs, perhaps making purchases 

                                                 
7 These meetings occur at least monthly and sometimes weekly.  
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only when enough money is available in their budgets at the end of a quarter. If this is the 

case, then salespeople face the prospect of either closing sales when the customers want 

them to close or losing them entirely, which precludes the salespeople from moving 

business across periods.  

2 Effort 

Support does exist for the idea that bonuses motivate salespeople to vary effort, 

and, on the whole, they motivate salespeople to work harder. Considered individually, the 

EXCEEDED and NEAR coefficients are positive and statistically significant for the 

quarterly periods, and the EXCEEDED, NEAR, STRETCH, and FAR coefficients are 

positive and statistically significant for the full-year period. (See Table VI.) Taken as a 

group, the 90% credible intervals for the weighted means are (4.6, 16.6) for the quarterly 

periods and (52.2, 73.0) for the full-year period. As both these intervals are strictly 

positive and all of the POST coefficients are insignificant, we claim that the incentive 

contract tends to motivate salespeople to work harder.  

This is not to say that the bonuses only have productive effects. While the 

coefficients are not statistically significant, the estimates are negative for both of the 

REMOTE categories. This suggests that salespeople give up if they feel that they cannot 

make the quota. Even if we do not want to interpret this as a marginal decrease in effort, 

we can certainly claim that these salespeople do not increase effort in an attempt to earn 

greater incentives. This supports the idea that salespeople react to the incentive contract 

in a rational manner. 
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How do our results compare to the preliminary analysis? They are consistent for 

the quarterly bonus period. We find productive increases in output during the quarterly 

periods without productive decreases afterwards. The results are less consistent for the 

full-year period. In the preliminary analysis, which was based on salesforce averages, we 

found evidence of forward selling as the spikes in revenue production during the period 

were followed by dips in production afterwards. In the individual-level analysis, we do 

not find statistically significant evidence of forward selling. Even if we were to use the 

weighted mean of the POST effects as a point estimate of the forward selling effects, it 

explains very little of the spike in revenue production. Since the weighted mean of the 

POST effects is -6.3, and the weighted mean of the bonus period effects is 62.0, we 

would estimate that about 10% of the increase is due to forward selling by this method. 

Our results suggest that an accurate decomposition of timing and effort effects can 

only be accomplished using individual-level data. We make two arguments to support 

this claim. First, in the preliminary analysis we found that the baseline sales level is 

crucial in accurately decomposing effort and timing effects. The most appropriate 

baseline is an individual’s sales level. As a result, not accounting for heterogeneity in the 

intercepts is bound to bias the analysis. Second, an individual’s sales history determines 

which timing game is in her or his self-interest, and this history is lost if the data are 

aggregated. 
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VII Conclusions and Future Research 

In this paper, we find that lump-sum bonuses motivate salespeople to work 

harder, not to play timing games – a result that is consistent with the widespread use of 

lump-sum bonuses in practice. This is not to suggest that lump-sum bonuses have no 

counterproductive effects. We find that bonuses cause some salespeople, those who are 

unlikely to make quota, to reduce effort, but this effect is more than compensated for by 

productive increases in output by other salespeople. Our results are based on a unique 

data source that contains the revenue production of individual salespeople. Using these 

data, we bring into question whether models based on aggregate data sources can 

accurately decompose effort and timing effects and cast doubt on previous findings that 

suggest the primary effect of lump-sum bonuses is to induce salespeople to play timing 

games. 

This study also provides a basis for future research. We are currently addressing 

the issue of how firms should design optimal incentive contracts, combining sales quotas, 

bonuses, and commission rates to effectively motivate their salesforces. This and other 

studies that explore policy variation need to make assumptions about how individuals 

will behave when policies are changed. Our current findings suggest that salespeople will 

alter how hard they work, but will not manipulate the timing of orders in response to 

incentive contracts. Having identified the key ingredients to a structural model of 

salespeople’s behavior, we can now pursue questions of how to effectively motivate 

them. 
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Table I 
Bonus Plan Effects Across Industries 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Source: Oyer (1998) 
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Table II 
Elements of the Incentive Contract 

 
 

Element Description 

First-, Second- and Third- 
Quarter Bonuses 

A lump-sum, cash bonus awarded if the 
quarterly revenue exceeds the quarterly quota 

Full-Year Bonus 
A lump-sum, cash bonus awarded if the  

full-year revenue exceeds the full-year quota 

Base 
 Commission Rate 

Paid on every dollar of revenue brought in by 
the salesperson 

Overachievement 
 Commission Rate 

Paid on only the revenue brought in above the 
full-year quota 
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Table III  
Descriptive Statistics for the Salesforces 

 

  
Number of 

Salespeople 

Average 
Tenure 

(months) 

Average  
Full-Year 

Quota 
($K) 

10th 
Percentile 
Full-Year 

Quotas ($K) 

90th 
Percentile 
Full-Year 

Quotas ($K) 

AM 1,512  77.5 1,298 703 1,868 

PS1 370 91.5 2,808 1,221 3,822 

PS2 224 116.3 2,911 1,576 4,573 

PS3 282 114.0 2,775 1,646 3,995 

PS4 92 88.8 3,499 1,863 4,932 

PS5 90 130.0 6,543 1,277 20,895 
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Table IV A  
Preliminary Analysis Assuming Year-End Effects Only 

  
  Value P-Value 

(Intercept)               11.6061 0.0000 
PS1 0.7099 0.0000 
PS2 0.6290 0.0001 
PS3 0.6217 0.0001 
PS4 1.1075 0.0000 
PS5 1.2450 0.0000 
FY 0.1782 0.1396 
POST.FY -0.3393 0.0064 
CONTROL.SALES 0.1343 0.0314 

 
 
 
 
 
 
 
 

Table IV B  
Preliminary Analysis with Effects for All Bonus Periods 

 
  Value P-Value 

(Intercept)               11.4090 0.0000 
PS1 0.7028 0.0000 
PS2 0.5685 0.0000 
PS3 0.5522 0.0000 
PS4 1.0678 0.0000 
PS5 1.1482 0.0000 
FY 0.5694 0.0004 
POST.FY -0.3749 0.0077 
Q 0.2476 0.0118 
POST.Q 0.1054 0.2257 
CONTROL.SALES 0.2624 0.0000 
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Table V 
Definition of Sales History Variables 

 

Variable Quarterly 
Performance to Date 

Full-Year 
Performance to Date 

EXCEEDED ≥ 1 ≥ 1 

NEAR 2
3  – 1 11

12  - 1 

STRETCH 1
3  – 2

3  8
12  – 11

12  

FAR 0 – 1
3  

4
12  – 8

12  

and   0 – 4
12  

REMOTE ≤ 0 ≤ 0 

 
Note: Several alternative definitions of these variables were tested; none resulted in 
substantive changes to the findings. 
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Table VI 
Population Parameter Estimates 

 
  Variable Coefficient SD 

  Intercept 70.8 11.0 
EXCEEDED 38.7 7.6 
NEAR 24.3 7.4 
STRETCH 12.7 7.1 
FAR -2.9 5.9 
REMOTE -7.5 6.9 
POST.EXCEEDED 11.6 7.0 
POST.NEAR 3.8 7.3 
POST.STRETCH 2.2 6.0 
POST.FAR 0.0 5.6 

Quarterly 

POST.REMOTE 1.0 6.7 
EXCEEDED 92.4 10.1 
NEAR 59.4 12.4 
STRETCH 80.5 10.9 
FAR 49.0 9.3 
VERY.FAR 22.6 15.3 
REMOTE -25.8 13.1 
POST.EXCEEDED -9.6 8.0 
POST.NEAR -11.3 12.4 
POST.STRETCH -10.8 8.2 
POST.FAR -0.8 7.4 
POST.VERY.FAR -2.6 8.7 

Full-Year 

POST.REMOTE -6.0 14.2 
TENURE 0.6 4.6 

  CONTROL.SALES 19.6 5.6 
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Table  VII 
Salesforce Parameter Estimates 

  Coefficient (Standard deviation) 
Variable AM PS1 PS2 PS3 PS4 PS5 

63.5 87.6 66.1 58.3 96.4 54.2 Intercept 
(2.0) (4.2) (6.0) (5.8) (12.2) (11.2) 
38.6 28.8 38.6 43.7 41.5 43.9 EXCEEDED 
(4.0) (5.1) (9.0) (8.8) (9.1) (12.9) 
24.6 16.7 17.1 29.1 29.9 29.4 

NEAR 
(4.0) (5.3) (8.5) (8.2) (8.5) (14.3) 
15.2 8.4 0.5 4.9 18.2 28.1 

STRETCH 
(2.6) (4.1) (6.0) (7.8) (6.9) (8.3) 

3.8 -8.4 -3.4 0.5 -8.5 -0.1 
FAR 

(1.8) (3.3) (5.1) (5.5) (7.4) (7.7) 
-7.9 -18.4 -2.6 -2.2 -8.7 -4.0 

REMOTE 
(3.8) (5.5) (6.8) (6.5) (11.4) (8.0) 

7.5 13.7 14.9 10.9 15.8 10.1 POST.EXCEEDED 
(3.8) (4.6) (8.8) (8.2) (10.3) (12.6) 

0.4 6.1 8.3 0.7 6.9 5.3 
POST.NEAR 

(3.3) (5.3) (9.4) (8.7) (7.2) (13.2) 
5.3 1.0 -2.5 4.9 5.5 -3.2 

POST.STRETCH 
(2.5) (4.3) (4.7) (7.7) (7.3) (9.2) 

0.8 -5.0 -1.8 2.7 3.6 -1.6 
POST.FAR 

(2.0) (3.8) (4.5) (5.1) (7.1) (6.2) 
1.2 -3.2 0.7 6.5 2.0 -2.2 

POST.REMOTE 
(3.5) (5.7) (6.1) (6.6) (9.5) (7.6) 
75.2 94.8 99.5 102.6 96.1 81.1 EXCEEDED 
(5.5) (7.8) (13.5) (12.6) (11.5) (17.3) 
56.7 58.4 68.1 57.9 57.8 55.3 

NEAR 
(10.3) (11.2) (15.5) (14.1) (15.1) (17.4) 

55.3 76.9 76.0 82.7 88.1 98.4 
STRETCH 

(4.4) (5.7) (11.2) (10.9) (15.0) (16.5) 
29.1 49.0 49.6 68.0 49.4 45.1 

FAR (4.5) (6.1) (8.7) (11.3) (10.3) (15.0) 
5.5 32.1 52.1 39.1 23.1 -22.8 

VERY.FAR 
(3.6) (10.8) (13.2) (11.8) (19.6) (13.9) 
-30.5 -18.2 -9.4 -22.2 -26.8 -43.9 

REMOTE 
(8.0) (16.0) (15.6) (14.4) (16.4) (15.2) 
-16.0 -12.3 -10.0 -1.8 -5.2 -5.9 POST.EXCEEDED 
(4.6) (6.5) (8.7) (10.2) (11.2) (14.5) 
-16.1 -16.1 2.5 -2.8 -10.1 -18.0 

POST.NEAR (7.5) (11.5) (12.9) (15.6) (14.8) (19.2) 
-9.1 -11.7 -5.6 -7.6 -10.3 -16.8 

POST.STRETCH 
(4.5) (6.0) (9.8) (11.3) (10.9) (12.2) 

1.1 -5.4 5.9 1.9 -5.0 -6.8 
POST.FAR 

(3.4) (7.1) (7.4) (8.2) (10.7) (12.9) 
-0.4 -3.3 -6.7 -1.6 -2.1 1.6 

POST.VERY.FAR 
(4.3) (9.6) (12.0) (10.0) (11.9) (12.7) 
-9.6 -3.5 -5.7 -7.1 -4.8 -8.5 

POST.REMOTE 
(9.3) (16.5) (18.8) (18.7) (16.5) (20.5) 

1.4 0.0 0.3 0.6 -0.1 1.0 TENURE 
(0.2) (0.4) (0.5) (0.5) (1.3) (1.0) 
15.8 23.9 18.0 24.2 24.9 12.0 

CONTROL.SALES 
(1.0) (1.8) (2.0) (2.1) (3.8) (3.2) 
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 Figure I 
Preliminary Model Comparison 
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Figure  II 
Effort in Month Three Given Accumulated Sales 
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Figure III 
The Effect of an Overachievement Commission Rate 
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Figure IV  
Observed Frequency of Categories 
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Appendix I 
The Effort Model 

 
First, let us consider a salesperson who has been successful in the first two periods. This 
person’s expected utility is  
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because the bonus is earned whether the salesperson is successful or not. Taking the first 
derivative of expected utility with respect to 3θ  results in the first-order condition that 

3 0θ = . No additional gain comes from working, so the salesperson chooses not to do so. 

Letting 
23|S sθ =  represent the effort put in in the third period if the salesperson’s 

accumulated sales after the second period is s, we find 
23| 2 0Sθ = = . The salesperson’s 

expected utility is ( )
2

2

1

1

2 t
t

u a b θ
=

+ − ∑  if this decision node is reached. 

 
 
A similar argument holds for a salesperson who has not completed a sale in the first two 
periods. This person’s expected utility is 

 ( )
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1

1
2 2 t

t

u a θ θ
=

⎡ ⎤− −⎢ ⎥⎣ ⎦
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because the bonus is not earned whether the salesperson is successful in the third period 

or not. Thus, 
23| 0 0Sθ = =  and the salesperson’s expected utility is ( )

2
2

1

1

2 t
t

u a θ
=

− ∑  if this 

decision node is reached. 
 
Now, let us consider a salesperson who has completed one sale after two periods. This 
person’s expected utility is 
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because the bonus is earned only if the salesperson is successful in the last period. Thus, 

the first-order condition for a maximum is ( ) ( ) 3 0u a b u a θ+ − − =⎡ ⎤⎣ ⎦ . For convenience, 

define the change in utility for earning the bonus as ( ) ( )u a b u a∆ = + − . Thus, 

23| 2Sθ = = ∆  (positive effort is exerted to earn the bonus) and the salesperson’s expected 

utility is  
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( )
2

2 2

1

1 1

2 2 t
t

u a θ
=

+ ∆ − ∑  if this decision node is reached. We assume the firm chooses a 

bonus b such that 1∆ ≤ ; that is, the bonus is set at a reasonable, not an extraordinarily 
high, level. Otherwise the firm would be overpaying for the chance of a certain sale in 
this period. Since 0, 0a b> > , 0 1< ∆ ≤ . 
 
The question is how do the third period strategies compare to the second period 
strategies? 
 
Let us first consider a salesperson who completed a sale in the first period. The expected 
utility of this person is  
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The first order condition for a maximum is 
2

2 0
2

θ∆∆ − − = , which implies 

1

2

2| 1 2Sθ =
∆= ∆ − . 

 
Now consider a salesperson who did not complete a sale in the first period. This person’s 
expected utility is 
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u a

θ θ θ θ

θ θ

= =

=

⎡ ⎤ ⎡ ⎤+ ∆ − + − −⎢ ⎥ ⎢ ⎥⎣ ⎦ ⎣ ⎦
∆= + −

∑ ∑

∑
 

 

The first order condition for a maximum is 
2

2 0
2

θ∆ − = , which implies 
1

2

2| 0 2Sθ =
∆= . 

 

Since 
2 1

2

3| 1 2| 02S Sθ θ= =
∆= ∆ > =  and 

2 1

2

3| 1 2| 12S Sθ θ= =
∆= ∆ > ∆ − =  when 0 1< ∆ ≤ , the 

salesperson, if it is necessary to stretch to make the quota, marginally increases effort in 
the third period. 
 

Since 
2 1

2

3| 2 2| 10
2S Sθ θ= =

∆= < ∆ − = , the salesperson, if the quota has already been made, 

marginally decreases effort in the third period. 
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Since 
2 1

2

3| 0 2| 00
2S Sθ θ= =

∆= < = , the salesperson, if the quota has already been made, 

marginally decreases effort in the third period. 
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Appendix II 
The Full Conditional Distributions 

 
The data generating process is specified in equation (2). For the prior 

specification we assume conjugate distributions and independence among the parameters. 

This specification results in  

( )2 2, 2,si Gσ ν λ−⎡ ⎤ =⎣ ⎦  

[ ] ( ),Nδ µ= Τ , and 

( )( )11 ,W ρ ρ−−⎡ ⎤Σ = Λ⎣ ⎦ . 

 

 For notational convenience, define  

 2 2
si si si sv n ασ σ− −= +  2 1

1

sk
T

s si si si
i

V X Xσ − −

=

= + Σ∑  

 2 2
s s sv k α ξσ σ− −= +  

11V c δ
−−= Σ + Τ  

 
1

1 sk

s si
isk

α α
=

= ∑  1

1 c

s
sc

β β
=

= ∑
 

 2 2v c ξ γσ τ− −= +    

 
1

1 c

s
sc

ξ ξ
=

= ∑   

 

 The full conditional distributions resulting from these prior assumptions and the 

data generating process are 

 { } ( )( )2 1 1 2 1 1| , , , , 1, ,T
i i p i i i i iy N D X y D for i kβ σ δ σ δ− − − − −⎡ ⎤Σ = + Σ =⎣ ⎦ …  

{ } ( ) ( )2 1| , , , , 1, ,
2 2

T

i i i i i ii
i i

y X y Xn
y G for i k

λ β βυσ β δ− −
⎛ ⎞+ − −+⎡ ⎤ ⎜ ⎟Σ = =⎣ ⎦ ⎜ ⎟
⎝ ⎠

…  

{ } { } ( )( )2 1 1 1 1 1| , , , ,i i py N V k Vδ β σ β µ− − − − −⎡ ⎤Σ = Σ + Τ⎣ ⎦  

{ } { } ( )( )1 2

1

| , , , ,
k

T

i i i i
i

y W k pβ σ δ β δ β δ ρ−

=

⎛ ⎞⎡ ⎤⎡ ⎤Σ = − − + Λ +⎜ ⎟⎢ ⎥⎣ ⎦ ⎣ ⎦⎝ ⎠
∑  

  


