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Abstract 
High performance expectations often improve performance. When individuals with high external 
performance expectations encounter early setbacks, however, they face impression management 
concerns and the prospect of embarrassment. As a result, when the going gets tough, individuals 
facing high external expectations may be less likely to persist than people facing low external 
expectations. In a field study of 328,515 men’s professional tennis matches (Study 1), we 
employ a regression discontinuity design to demonstrate that after losing the first set of a match, 
players who are expected to win (favorites) are significantly more likely to quit than players who 
are expected to lose (underdogs). We replicate this pattern of results in a laboratory experiment 
(Study 2) and provide evidence for our proposed mechanism: compared to individuals facing low 
external expectations, those facing high expectations are more easily embarrassed by poor 
performance and consequently less persistent following early setbacks.  
(146 words; maximum allowed = 200 words) 
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QUITTING WHEN THE GOING GETS TOUGH: A DOWNSIDE OF HIGH 
PERFORMANCE EXPECTATIONS 

 
Executives, managers, and employees constantly face decisions about whether to persist 

in their current endeavor or redirect their efforts. For example, entrepreneurs regularly make 

decisions about whether to persist or abandon their ventures (Gimeno, Folta, Cooper, & Woo, 

1997), project managers decide to persist or terminate their projects (Green, Welsh, & Dehler, 

2003), and employees make frequent decisions to persist on a current task or redirect their efforts 

(Conlon, 1980). The decision to persist or quit can have profound implications. Persisting in a 

failing venture can be ruinous, but quitting prematurely means forgoing opportunities to reap 

substantial rewards (e.g., Brooks & Schweitzer, 2011; March, 1991; Weber & Camerer, 1998; 

Zhang, Allon, & Van Mieghem, 2017). In this work, we investigate the decision to persist and 

focus on the consequences of an important antecedent: external performance expectations. 

We pursue many of our most consequential endeavors in the face of external performance 

expectations (e.g., from our supervisors, coworkers, clients, family, friends, and the media). 

Existing research reveals that compared to people who face low external performance 

expectations, those who face high expectations expend greater effort, exhibit greater persistence, 

and achieve better outcomes (e.g. Eden, 1990; McNatt, 2000). In this work, we demonstrate that 

the relationship between performance expectations and persistence is more complicated than 

prior research suggests. We extend existing theory by proposing and empirically demonstrating 

that high external expectations can harm persistence under some circumstances when people 

have impression management motives (i.e., when they aim to maintain a positive public image, 

Leary & Kowalski, 1990). Specifically, we show that after exhibiting poor initial performance on 

a task, individuals who face high external expectations feel more embarrassed about violating 
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public expectations and in turn are less persistent than individuals who face low external 

expectations.  

Expectations, Performance, and Persistence 

In general, performance is jointly influenced by a host of individual characteristics (e.g., 

motivation and ability) and situational factors (e.g., task difficulty, luck, collaborators’ or 

competitors’ motivation and ability). Even strong and highly motivated performers will 

occasionally perform poorly. We define poor initial performance as performance in an early 

stage of an endeavor that creates a substantial obstacle for success. After experiencing poor 

performance in the initial stage of a task or pursuit, individuals can either persist or shift their 

efforts elsewhere. We investigate how external performance expectations influence this decision.  

External performance expectations (expectations held by observers about a target 

individual) may result from prior experiences (Mishina, Dykes, Block, & Pollock, 2010), 

rankings (Luca & Smith, 2013; Pope, 2009), reputation (Jensen, Kim, & Kim, 2012; Petkova, 

Wadhwa, Yao, & Jain, 2014), or stereotypes about a group (Steele & Aronson, 1995). Research 

on the Pygmalion effect and the Golem effect (e.g., Rosenthal & Jacobson, 1968; Babad, Inbar, 

& Rosenthal, 1982; Eden, 1990; Davidson & Eden, 2000; McNatt, 2000) has found that 

individuals who face higher performance expectations exhibit greater effort, persistence, and 

performance than others. This is in part because high external expectations lead observers (e.g., 

managers, mentors, peers, or the media) to interact with performers differently, causing 

performers to experience high self-expectations (i.e., improved beliefs about their ability to 

perform effectively on a given task), which in turn motivates performers to exert greater effort 

and ultimately improve their performance (Eden, 1990). 



4 
 

Prior work suggests that high performance expectations should increase persistence and 

effort even following poor initial performance. High self-expectations enhance peoples’ forecasts 

of their ability to redress an initial failure (Eden, 1990), which are positively associated with 

their willingness to sustain or even heighten effort following setbacks (Bandura, 1982, 1997). 

People with high self-expectations are more motivated when they are slightly behind in a 

competition (Berger & Pope, 2011), more likely to engage in job-search activities following a 

job loss (Eden & Aviram, 1993), and more likely to persist even in a failing enterprise (Whyte, 

Saks, & Hook, 1997; Whyte & Saks, 2007). Taken together, past research  suggests that just as 

high external expectations elevate self-expectations (Eden, 1990; Davidson & Eden, 2000), 

individuals who face high external expectations should be more likely than others to sustain (or 

even increase) their effort following poor initial performance. 

In our investigation, we challenge this assertion and demonstrate that high external 

performance expectations can harm persistence under adverse circumstances. We identify 

impression management concerns as an important and previously neglected factor that can cause 

people with high external performance expectations to reduce persistence in the face of 

adversity.  

The Role of Impression Management Concerns 

External expectations and impression management concerns. Individuals care deeply 

about maintaining a positive public image and strive to meet others’ expectations to manage 

impressions (see Leary & Kowalski, 1990 for a review). External performance expectations 

(which we will refer to as “expectations” throughout the remainder of this paper for brevity) 

serve as reference points. Individuals expect others to evaluate their performance—and 

individuals evaluate their own progress—with respect to these reference points (Carver & 
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Scheier, 1990; Leary & Kowalski, 1990). As a result, compared to individuals who face low 

expectations, individuals who face high expectations subject their performance outcomes to 

stricter standards and experience greater pressure to perform well (Gibson, Sachau, Doll, & 

Shumate,  2002; Pettit, Sivanathan, Gladstone, & Marr, 2013; Lount, Pettit, & Doyle, 2017). 

Importantly, the same objective level of performance may either conform to expectations (e.g., 

when an individual facing low expectations performs poorly) or violate expectations (e.g., when 

an individual facing high expectations performs poorly). 

Poor performances can trigger impression management concerns when they occur in 

public (Leary & Kowalski, 1990). We expect expectations to amplify this relationship. 

Specifically, we predict that compared to individuals facing low expectations, individuals facing 

high expectations experience greater impression management concerns after exhibiting poor 

performance. This prediction is consistent with the finding that, when expectations are salient 

and performance is publicly visible, competitors who are expected to win anticipate greater 

psychic costs from losing than competitors who are expected to lose (Chen, Ham, & Lim, 2011). 

Gibson et al. (2002) found that observers hold similar beliefs; following poor performance, 

observers expect individuals who face high expectations to be more concerned about impression 

management than individuals who face low expectations.  

Performance that falls short of expectations often results in embarrassment. 

Embarrassment is a negative, self-conscious emotion triggered by undesirable events that 

threaten a desired public image (Modigliani, 1971; Miller, 1992; Tangney, Miller, Flicker, & 

Barlow, 1996). Embarrassment occurs in the company of others and is characterized by concerns 

about violating external standards (Miller & Leary, 1992). We propose that when initial 

performance is poor, compared to individuals who face low expectations, individuals who face 
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high expectations will be more concerned about their public image and experience greater 

embarrassment.  

Reducing persistence as an impression management strategy. The most direct way for 

individuals to maintain their public image after initially falling short of expectations is to persist, 

improve performance, and meet expectations. However, persisting after an initial failure can be 

costly: individuals need to remain in an embarrassing situation and risk further, and perhaps 

complete, failure. Thus, rather than simply persisting, individuals often engage in impression 

management strategies when facing embarrassing circumstances (Leary & Kowalski, 1990).  

We propose that after an initial set-back, individuals may employ the impression 

management tactic of finding an exit strategy. In organizations, an exit strategy may be as 

explicit as stepping down from an executive position, quitting a high-stakes competition, exiting 

a negotiation, or terminating a project. Exit strategies, however, may also take subtler forms, 

such as switching tasks, reallocating attention, or shifting effort across projects. We predict that 

when an initiative (e.g., a task, project, contest, negotiation) falters, individuals facing high 

expectations will be more likely to employ an exit strategy than individuals facing low 

expectations for three reasons.  

First, individuals who face relatively high external expectations may be more likely to 

quit following poor initial performance to alleviate the distress caused by performing below 

expectations. For example, switching to a different task allows individuals with high external 

expectations to avoid direct exposure to the environment that has caused them embarrassment, 

and it can afford individuals the opportunity to validate themselves in another arena. This 

prediction is consistent with past research showing that embarrassment can motivate individuals 

to avoid the conditions that elicit embarrassment (e.g., by avoiding being observed by others or 



7 
 

increasing psychological distance from others; Dong, Huang, & Wyer, 2013; Keltner & Buswell, 

1997).  

Second, individuals who face relatively high external expectations may be more likely to 

quit following poor initial performance to avoid the experience and attribution of a complete 

failure. Though quitting eliminates the opportunity to overcome an initial failure, it preserves the 

counterfactual that the quitter might have succeeded had she persisted. That is, quitting 

represents an extreme form of self-handicapping—an impression management tactic whereby 

individuals engage in activities that undermine their ability to succeed and thereby create an 

external attribution for poor performance (Berglas & Jones, 1978; Greenberg, Pyszczynski, & 

Paisley, 1984). Consistent with this prediction, past research has shown that when people 

anticipate a potential failure, they sometimes engage in self-handicapping preemptively as a 

precaution (Greenberg et al., 1984). Also, in line with our theorizing, Kolditz and Arking (1982) 

found that people are more likely to self-handicap when they anticipate performing for an 

audience with high expectations.  

Third, in practice, the decision to reduce persistence (e.g., by quitting) after initial poor 

performance is often accompanied by an excuse. Executives who retire may cite the pressing 

need to spend time with family, politicians may cite health concerns, and athletes may cite an 

injury. By construction, excuses attribute poor performance to something other than a lack of 

skill and create an effective impression management strategy when observers cannot easily 

determine the cause of poor performance. Legitimate excuses preserve the impression that 

someone with poor initial performance would have performed better had it not been for 

extenuating circumstances (e.g., family obligations, health issues). By reducing persistence and 

offering an excuse, individuals make the link between their poor performance and their true 
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ability less clear (Berglas & Jones, 1978), thus diminishing the harm to their image caused by 

poor initial performance. 

Hypotheses and Theoretical Contributions 

Although past research has demonstrated that high external performance expectations can 

benefit individuals in many ways (e.g., by increasing self-expectations, motivation, and 

performance; Eden, 1984, 1990; McNatt, 2000), scholars have failed to investigate the effect that 

high external performance expectations have on those who exhibit poor initial performance. We 

postulate that high expectations can burden individuals who encounter early setbacks, because 

poor initial performance creates impression management concerns and can trigger 

embarrassment. Following poor initial performance, we expect individuals with high 

expectations to be more likely to reduce persistence than individuals with low expectations 

because quitting can diminish embarrassment, prevent the experience of and attributions 

associated with a complete failure, and, if accompanied by a plausible excuse (e.g., the need to 

spend time with family or an injury), offer an explanation for initial poor performance. Formally, 

we hypothesize:   

Hypothesis 1: Individuals facing higher external performance expectations will be less 

persistent than those facing lower external performance expectations following poor initial 

performance.  

Hypothesis 2: Individuals facing higher external expectations will experience more 

embarrassment than those facing lower external expectations following poor initial 

performance.  

Hypothesis 3: Embarrassment will mediate the relationship between external 

expectations and persistence decisions following poor initial performance.  
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Our research makes several important theoretical contributions. First, we provide insight 

into how people make decisions about whether to persist or quit by identifying an often-

overlooked motive that undermines persistence: impression management. That is, in addition to 

pursuing performance goals, individuals simultaneously pursue image goals that can predictably 

and systematically harm persistence following poor initial performance. Our findings challenge 

existing research that has presumed people decide to persist or quit based solely on their chances 

of success (e.g., Bandura, 1997; Berger & Pope, 2011; Carver, Blaney, & Scheier, 1979).  

Second, our research contributes to prior work that has focused on the benefits of high 

performance expectations (e.g., Davidson & Eden, 2000; Eden, 1990; McNatt, 2000) and the 

disadvantages of low performance expectations (Babad et al. 1982). Surprisingly little research 

has considered the potential for harmful effects of high external expectations. A few studies, 

however, have shown that salient external expectations can impair performance by creating 

performance pressure and reducing the ability to concentrate (Baumeister & Steinhilber, 1984; 

Baumeister, Hamilton, & Tice, 1985; Cheryan & Bodenhausen, 2000). Our research documents a 

novel burden of high performance expectations and addresses the call for research to explore the 

downsides of positive expectations (Jensen & Kim, 2015; Kovács & & Sharkey, 2014). Taken 

together, our findings advance our understanding of persistence as well as the psychological 

processes shaped by performance expectations. 

OVERVIEW OF STUDIES 

We report results from a field study (Study 1) and a laboratory experiment (Study 2) that 

investigate how external performance expectations influence individuals’ persistence decisions 

and their experience of embarrassment, an emotion triggered by impression management 

concerns. We begin by examining a high-stakes, natural setting in which external expectations 
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and the quality of initial performance vary substantially: professional men’s tennis. We analyzed 

data on all available men’s professional tennis matches played between 1973 and 2011. We used 

a regression discontinuity design to causally test whether being expected to win (versus being 

expected to lose) increases the likelihood of quitting after falling behind in a match (Hypothesis 

1). In Study 2, we experimentally manipulated external expectations and measured individuals’ 

decisions to persist in a trivia challenge following poor initial performance. In Study 2, we 

conceptually replicate our key findings from Study 1 in a different environment to establish the 

generalizability of the phenomenon and, importantly, we show that embarrassment mediates the 

relationship between external expectations and persistence in the face of adversity (Hypotheses 2 

and 3).  

STUDY 1: A FIELD STUDY OF PERFORMANCE EXPECTATIONS AND 

PERSISTENCE 

In Study 1, we analyze behavior in a highly competitive setting–professional men’s 

tennis. In this setting, individual competitors face clear external performance expectations 

because their relative world rankings indicate who the public expects to win any given match. 

Individual competitors make persistence decisions when they choose whether or not to quit 

during a match. Both world rankings and quitting decisions are readily observable and highly 

salient to competitors and observers.  

For professional tennis players, quitting and losing yield identical world ranking and 

tournament outcomes (The Association of Tennis Professionals, 2016). However, compared to 

experiencing a loss, quitting has potentially different impression management consequences. 

When professional tennis players quit, they need to state a reason for quitting. The only officially 
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accepted reason to quit a tournament is due to injury. That is, when players quit, they offer an 

excuse (in this case, poor health), which also provides an excuse for any poor prior performance. 

Dataset 

We compiled our data from the online data archive maintained by the Association of 

Tennis Professionals (ATP) World Tour (www.atpworldtour.com). Our data includes 328,515 

men’s professional singles tennis matches played between 1973 and 2011 that have information 

about both players’ world rankings. Men’s professional tennis matches nearly all consist of a 

best of two-out-of-three sets competition. For each match, we know the outcome of the match as 

well as the number of games won and lost by each player in each set, but we do not know the 

points players won or lost in the games that made up sets or the order in which games were won 

or lost during a set. Our data has information about whether either player quit mid-match, which 

we use to measure a player’s persistence, as well as the match score at the time when a player 

quit. Our data also records 1,849 matches that did not actually start or ended before any score 

was recorded due to a player withdrawing prior to a match or for other rare reasons (e.g., 

suspensions).  

Analysis Strategy 

We analyze these data to test our prediction that holding all else equal (e.g., player 

quality/skill, age, etc.), higher external performance expectations decrease persistence (i.e., 

increase the likelihood of quitting mid-match) after poor initial performance (Hypothesis 1). To 

assess whether or not a player exhibited poor performance early on in a match and thus faces a 

probable loss, we use an objective measure of initial performance. In tennis, players who lose the 

first set of a match have a low probability of winning the match, on average. Across all matches 

in our data set, players who lose the first set win the match only 18% of the time. Thus, we use 
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defeat in the first set to indicate poor initial performance, and we exclude 4,218 matches from 

our analyses in which players did not finish the first set.  

To assess external expectations faced by tennis players, we take advantage of the fact that 

observers form clear expectations of players’ performance based on players’ ATP world 

rankings. In a given match, the player with a superior ATP ranking is expected to win (i.e., faces 

higher performance expectations) and is called the “favorite,” whereas the player with an inferior 

ATP ranking is expected to lose (i.e., faces lower performance expectations) and is called the 

“underdog.”  Confirming the validity of these rankings and expectations, we observe that 

favorites are more likely to win matches than underdogs (overall, favorites win 61.5% of 

matches). 

In this study, we examined whether a tennis player who lost the first set in a match is 

more likely to quit when he is classified as a favorite than when he is classified as an underdog 

(Hypothesis 1). Identifying the impact of being a favorite rather than an underdog on a player’s 

likelihood of quitting is not a simple task. This is because any correlation between a player’s 

favorite (vs. underdog) status and his likelihood of quitting could be explained by omitted 

variables (e.g., players’ relative skill levels) or self-selection issues (e.g., a player with an injury 

is more likely to show up to a match if his ranking is better than his opponent’s). Ideally, we 

would test our hypothesis under conditions where the player who is the favorite to win a match 

was randomly assigned; of course, this never happens. To approximate random assignment to 

favorite status, we use a quasi-experimental sharp regression discontinuity (RD) design. An RD 

design involves assigning individual observations to a treatment or control group based on a 

continuous assignment variable (Imbens & Lemieux, 2008). Those observations above a discrete 

threshold of interest on the assignment variable are assigned to the treatment group, while others 
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are assigned to the control group. The RD design examines an arbitrary threshold of theoretical 

interest to explore whether or not a stark discontinuity in outcomes (that otherwise change along 

a smooth continuum) emerges at the threshold. Because of its reliance on randomness, the RD 

design allows researchers to draw causal inferences about interventions and rule out self-

selection or omitted variables as an alternative explanation for treatment effects (Imbens & 

Lemieux, 2008).  

Our study’s RD design involves assigning players to either favorite or underdog status 

based on a continuous assignment variable that reflects players’ likelihood of winning a match 

and captures players’ relative skills. The threshold we rely upon in our study is the discontinuity 

at the point when one player moves to being a slight underdog (because his ranking is just barely 

inferior to his opponent’s) instead of being a slight favorite (because his ranking is just barely 

superior to his opponent’s). The continuous assignment variable we rely on is a transformed rank 

ratio variable that we calculate for each player in each match, amounting to the target player’s 

opponent’s ranking divided by the target player’s own ranking. We take the logarithm 

transformation of this rank ratio to derive a measure we refer to as a player’s log rank ratio. For 

example, a player ranked 100 facing an opponent ranked 101 will have a log rank ratio of 0.0100 

log	 , and his opponent will have a log rank ratio of -0.0100 log	 . A log rank ratio 

greater than 0 indicates that the target player has a better (i.e. lower) ATP ranking than his 

opponent, has higher external expectations for winning, and is classified as the favorite; a log 

rank ratio less than 0 indicates that the target player has a worse (i.e. higher) ATP ranking than 

his opponent, has lower external expectations for winning, and is classified as the underdog. 

Importantly, the relationship between log rank ratio and a player’s likelihood of winning a match 
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is positive and continuous at the rank equality threshold (see Figure 1 Panel A), which is the 

reason we construct and rely upon this measure.1 

The RD design allows us to compare tennis players with very similar skill levels and 

examine the causal effect of being classified as a favorite (or underdog) on a player’s likelihood 

of quitting a match after poor initial performance. Players very near the rank equality threshold, 

but just over the threshold, are practically identical in terms of skill level. For example, imagine 

a match with players ranked 100 and 101. In our design, we assign the player ranked 100 

“favorite” status and his opponent ranked 101 “underdog” status. This assignment to favorite or 

underdog status is effectively random, since small differences in rankings are not reliable signals 

of relative skill. However, prior research has demonstrated that people interpret ranking 

differences like these as if they were meaningful (e.g., Isaac & Schindler, 2014; Luca, 2014; 

Luca & Smith, 2013; Pope, 2009). For example, the observers of competitions are often overly 

sensitive to small differences in rankings. They base their forecasts of outcomes on rankings 

even when (i) rankings provide no additional information beyond the underlying performance 

scores used to generate them (e.g., Luca, 2014; Pope, 2009) and (ii) changes in rankings are not 

accompanied by changes in objective quality measures (e.g., Luca & Smith, 2013). In addition, 

people are highly sensitive to boundaries in rankings (Isaac & Schindler, 2014). Altogether, this 

past research suggests that observers of competitions view small ranking differences as 

meaningful signals of differences in quality (or winning likelihood), even when this is 

inaccurate. We therefore expect small differences in rankings to inform external expectations, 

                                                            
1 Our regression analysis reported in Appendix B also confirms that there is not a discontinuity in the relationship between 
log rank ratio and winning likelihood around the rank equality threshold. This is important, because a discontinuity in the 
relationship between log rank ratio and winning likelihood near the rank equality threshold could offer an alternative 
explanation for regression discontinuity analyses. Thus, we have focused on log rank ratio. However, our results are 
robust to using alternative continuous assignment measures such as the difference between two players’ rankings or the 
ratio of two players’ rankings (Appendix C). 
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and in turn significantly and discontinuously influence players’ persistence decisions. If we find 

this pattern in our data, we can conclude that being assigned favorite or underdog status exerts a 

causal influence on persistence.  

Variables 

Our study’s dependent variable, quit, is a binary variable that takes on a value of 1 when 

a given player quits in a given match, and 0 otherwise. Quitting during a match is a stark 

measure of persistence. To capture whether external expectations are higher or lower for a player 

than for his opponent, we create an indicator variable, favorite, which equals 1 if a player has a 

better ranking than his opponent and 0 otherwise. If the indicator variable favorite is a significant 

predictor of quitting, even after we account for players’ relative skills using the continuous log 

rank ratio variable, we can conclude that being favored discontinuously and causally affects a 

player’s likelihood of quitting. Our dataset includes 628 matches in which both players have the 

same recorded rank. In these rare cases, we are unable to label either player the favorite or 

underdog in a match. In our results, we exclude these matches, but our results are meaningfully 

unchanged if we treat both players in these matches as favorites or both as underdogs.  

We include a number of important control variables in all of our analyses. First, 

following past research relying on RD designs, we control for a high-order polynomial of the 

assignment variable (e.g., a fourth-order polynomial in Flammer, 2015; a third-order polynomial 

in Pierce, Dahl, & Nielson, 2013). Specifically, we include a fourth-degree polynomial of log 

rank ratio to carefully control for the continuous relationship between a player’s skills relative to 

his opponent’s and his likelihood of quitting (and note that our results are robust to instead 

including a first, second or third order polynomial).  
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Also, we control for the exact score in the first set by including fixed effects for first-set 

score (e.g., 0-6, 1-6, or 2-6, etc.) in order to compare players with the same outcomes in the first 

set of a match. In addition, we control for each player’s overall quality by including the focal 

player’s rank and his opponent’s rank. In order to account for possible differences in behavior at 

different rank levels, we also include interactions between a player’s rank and his opponent’s 

rank with each term of the fourth-order polynomial of log rank ratio. Further, we control for each 

tournament’s tour (Grand Slam, Masters, etc.) and total available prize money in the tournament, 

because different types of tournaments may induce different levels of player motivation. 

Similarly, we include controls for the tournament round (1st, 2nd, 3rd, etc.) in which a match is 

played because later rounds in a tournament typically have more spectators, prize money, and 

media coverage than earlier rounds. Different tours are characterized by different tournament 

sizes, so the same round number corresponds to a different number of remaining competitors 

across tours. To account for this, we include complete controls for the interactions between tour 

and round. Also, we control for court surface, which can affect injury (Girard et al., 2007) and 

quitting rates (Breznik & Batagelj, 2012). Finally, we control for a player’s age, as age may 

relate to injury-proneness. In order to account for a possible nonlinear relationship between age 

and injury-proneness, we also include a squared term of player’s age. Table 1 shows summary 

statistics for all matches in our sample that actually started. Appendix A provides additional 

information about control variables in our regressions. Notably, our results are robust to 

excluding all of the control variables detailed in this paragraph. 

Regression Specifications 
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We use an ordinary least squares (OLS) model to predict quitting,2 though our results are 

meaningfully unchanged when we instead rely on logistic regression models (see results in 

Appendix C). Given our primary interest in examining the effects of being a favorite on quitting 

rates among players who exhibited poor initial performance, we only include the player from 

each match who lost the first set. Formally, our model can be stated as follows, for a target 

player i in a given match j: 

(1) quitij = α + β1*favoriteij + β2* log(rank ratioij) + β3*log(rank ratioij)2 + β4*log(rank 

ratioij)3 + β5*log(rank ratioij)4 + β6*rankij + β7*log(rank ratioij) *rankij + 

β8*log(rank ratioij)2*rankij + β9*log(rank ratioij)3*rankij + β10*log(rank 

ratioij)4*rankij
 + β11*opponent rankij + β12*log(rank ratioij) *opponent rankij + 

β13*log(rank ratioij)2* opponent rankij + β14*log(rank ratioij)3*opponent rankij + 

β15*log(rank ratioij)4*opponent rankij + β16*ageij + β17*ageij
2

 + β18*prize moneyi 

+ δ*Xij + θ*Zj + εij 

where  takes a value of 1 when target player i quits in match j, and 0 otherwise. Our 

primary predictor variable is the indicator for being perceived as a favorite (vs. underdog). We 

expect the coefficient on this variable to be significant and positive among players who lost the 

first set. Xij is a vector of control variables representing the first-set score from the target player’s 

perspective. For example, if the target player won 6 games and his opponent won 3 games in the 

first set, the first-set score would be coded as 6-3 for the target player. Zj is a vector of control 

variables representing tournament round, tour, round-tour interaction, court surface, and year 

corresponding to the match j. Finally, εij is the error term. To account for potential within-player 

dependence across observations, we cluster standard errors at the player level.  

                                                            
2 We report the result from ordinary least squares regression models in our primary analyses rather than logistic 
regressions for several reasons. Not only are results from OLS regressions easier to interpret, but we include a large 
number of fixed effects in our models, and logistic regression models typically produce inconsistent estimates when fixed 
effects are included unless data characteristics meet a stringent set of assumptions (for details about the “incidental 
parameter problem,” see Wooldridge, 2010). However, as shown in Appendix C, our results are nearly identical when we 
instead rely on logistic regressions. 
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Results 

The average rate of quitting mid-match is 1.39% in our data set, which means quitting 

occurs in 9,132 matches. Figure 2 depicts quitting rates for matches where players’ log rank ratio 

was within one standard deviation of the rank equality threshold (i.e., log rank ratio between -1 

to 1). We group observations into bins based on players’ log rank ratio at intervals of 0.1 (i.e., 

10% of the standard deviation of log rank ratio). Each dot represents the average rate at which 

players in the designated bin quit in the middle of a match. Figure 2 Panel A illustrates that 

among players who exhibited poor initial performance and lost the first set of a match, there is a 

significant discontinuity in a player’s likelihood of quitting at the threshold separating favorites 

from underdogs. This pattern is consistent with Hypothesis 1. Slight underdogs whose log rank 

ratio falls between -0.10 and 0 (i.e., whose rank is approximately 90%-100% of their opponents’ 

rank; N=14,072) retire 1.72% of the time; but slight favorites whose log rank ratio is between 0 

and 0.10 (i.e., whose rank is approximately 100%-110% of their opponents’ rank; N=13,575) 

retire at a significantly higher rate: 2.04% of the time, χ2 = 3.86, p < .05.3 The increase in the 

likelihood of quitting is 18.60% when a player moves to the favorite side of this favorite-

underdog threshold, and this is notably larger than the increase we observe at other arbitrary 

thresholds in Figure 2. 

We next report a series of regression models that take into account relevant control 

variables to test Hypothesis 1. Model 1 in Table 2 follows regression specification (1), which 

focuses on players who exhibited weak initial performance and lost the first set. The positive and 

significant coefficient estimate on favorite (β = .0037, p < .001) indicates that players who lost 

                                                            
3 When we instead examine slight underdogs whose log rank ratio falls between -0.15 and 0 (i.e., whose rank is 
approximately 85%-100% of their opponents’ rank; N=21,864) and compare them to slight favorites whose log rank ratio 
is between 0 and 0.15 (i.e., whose rank is approximately 100%-115% of their opponents’ rank; N=20,636), we again see 
that favorites retire at a significantly higher rate (2.09%) than underdogs (1.62%), χ2 (1) = 12.91, p < .001. 
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the first set have markedly different patterns of quitting behavior right at the threshold of equal 

rank, as predicted by Hypothesis 1. Specifically, being a slight favorite is associated with a 0.37-

percentage-point increase in the probability that a player will quit mid-match (or an increase of 

26.62% relative to the average quitting rate observed in our data).  

Testing the validity of the RD design. Thus far, we have relied on an RD design to show 

that being the favorite (rather than the underdog) in a competition significantly increases a 

player’s likelihood of quitting when he exhibits poor initial performance. To claim that we have 

causal evidence of this fact, we need to ensure that we satisfy our RD design’s two critical 

assumptions (Imbens & Lemieux 2008): (1) around the equal rank threshold, being assigned to 

favorite versus underdog status is essentially random and (2) there is not a discontinuity in the 

distribution of log rank ratio at the rank equality threshold. We conduct standard tests to 

examine these assumptions and present detailed results in Appendix B. 

With respect to the first assumption, we confirm that the characteristics of players 

immediately above and below the equal rank threshold are very similar. Particularly importantly, 

we find that the likelihood of winning the first set in a match or of winning an entire match does 

not significantly differ between players who are immediately above and those who are 

immediately below the equal rank threshold, confirming that slight favorites and slight 

underdogs have comparable skills.  

With respect to the second assumption, we group player-match observations into bins 

based on their log rank ratio and plot the number of observations in each bin (Imbens & 

Lemieux 2008). We show that the distribution of log rank ratio is symmetrical around the rank 

equality threshold (Figure 1), which must be true by definition of the way underdogs and 

favorites are defined. The ATP pairs players as randomly as possible, except that competition 
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between players who are both seeded (and often have similar rankings) in a tournament is 

avoided by the ATP in early rounds of tournaments. This reduces the number of observations as 

log rank ratio becomes very close to the rank equality threshold, which explains why the 

distribution has a dip right around the rank equality threshold.4  

The concern about a possible discontinuity in the distribution of log rank ratio at the rank 

equality threshold could also arise if players self-select from one side of the favorite-underdog 

threshold to the other. However, players cannot choose their rankings, their opponents, or the 

structure of tournament draws, all of which are decided by ATP officials. The only way self-

selection could possibly occur is if, after being assigned an opponent but before beginning a 

match, some players choose to be “no shows” and withdraw (hereafter, pre-match withdrawals). 

The average rate of pre-match withdrawals is 0.19% in our data set. It is, in principle, possible 

that a discontinuity in pre-match withdrawals between underdogs and favorites could explain the 

discontinuity we detect in mid-match quitting. We therefore conduct regression analyses to 

predict a player’s choice to withdraw prior to a match as the binary dependent variable, and we 

confirm that there is not a discontinuity in pre-match withdrawals between slight favorites and 

slight underdogs (see Appendix B). 

Ruling out discontinuities at other thresholds as an explanation for quitting behavior. 

We next consider whether or not quitting is so unpredictable that statistical tests spuriously 

                                                            
4 When we focus on a narrower window around the rank equality threshold (where the log rank ratio falls between -0.2 and 
0.2) and use a smaller bin size of 0.01 (Appendix B), we observe a smooth distribution except that the number of 
observations in a bin drops when the absolute value of log rank ratio changes from being between 0.01 and 0.02 to being 
between 0 and 0.01. Our results reported in Table 2 remain robust if we remove matches where competitors’ log rank ratio 
falls between -0.01 and 0.01 (Nmatch = 2,593). Also, looking at raw data, we see that slight favorites whose log rank ratio is 
between 0.01 and 0.10 (N = 12,658) retire at a significantly higher rate (2.01%) than slight underdogs whose log rank ratio 
falls between -0.10 and -0.01 (N = 13,104; quitting rate = 1.67%), χ2 = 4.02, p < .05. Furthermore, when we focus on an 
even smaller region around the rank equality threshold from -0.02 to 0.02 and use a smaller bin size of 0.001 (Appendix 
B), we see a continuous distribution of log rank ratio around the threshold (instead of a sharp drop at the threshold). In 
addition, if we use the difference between two players’ rankings as the assignment variable, the number of observations in 
each bin has a smooth distribution, and importantly, our quitting results hold. See Appendix C for details. 
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reveal discontinuities in quitting rates not only at the favorite-underdog threshold, but at many 

other points along the log rank ratio continuum. The importance and interpretability of the 

discontinuity we detect in quitting rates at the favorite-underdog threshold would be diminished 

if there were discontinuities in quitting at other, less meaningful thresholds. This is because 

discontinuities at other locations would suggest that our key findings might reflect an artifact of 

data irregularities or of the statistical tests we used rather than clear support for Hypothesis 1.  

To rule out this possibility, we followed the procedures described by Pierce et al. (2013) 

and reran the regression specified in Model 1 of Table 2 twenty-one times with slight alterations. 

Specifically, we replaced the favorite indicator with an indicator for whether a player’s log rank 

ratio was greater than a new threshold of X, where X was increased in each iteration by 0.1 from 

a minimum of -1.0 to a maximum of 1.0. For X = 0, this regression is the same regression shown 

in Model 1 of Table 2, which tests whether being assigned favorite status significantly increases 

the likelihood of quitting after a player loses the first set. Figure 3 presents the estimated 

coefficients on the modified favorite indicator for each of these twenty-one regressions together 

with 95% confidence intervals. The largest and most significant coefficient on our favorite 

indicator arises at the threshold of interest—the salient tied-rank threshold (log rank ratio = 0). 

When the threshold value is adjusted upward or downward one “step” from this salient threshold 

and set to -0.1 or 0.1, we also observe a statistically significant discontinuity, which is very likely 

driven by the close proximity between these “placebo” threshold values and the rank equality 

threshold. No other placebo threshold values generate significant discontinuities. Thus, these 

placebo tests suggest that the psychologically meaningful threshold of rank equality has a unique 

effect on players’ quitting behavior.  
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Ruling out discontinuities following strong initial performance. Our theory predicts that 

after exhibiting poor initial performance, individuals facing high external expectations become 

less persistent than individuals facing low external expectations due to impression management 

concerns. However, we do not expect this difference to emerge when initial performance is 

strong: strong initial performance is unlikely to elicit impression management concerns 

regardless of individuals’ prior expectations. Thus, we conduct additional analyses to investigate 

whether our finding that favorites quit at a higher rate than underdogs is unique to situations 

where initial performance is poor.  

First, we rely on regression specification (1) to predict quitting among players who won 

the first set. Model 2 in Table 2 suggests that favorites are no more likely to quit than underdogs 

if they exhibited strong initial performance and won the first set (β = 0.0002, p = 0.72). This is 

consistent with what we observe through visual inspection of the raw data: Figure 2 Panel B 

shows that within the narrow window around the favorite-underdog threshold (i.e., log rank ratio 

between -0.1 and 0.1), slight underdogs and slight favorites exhibit virtually identical quitting 

rates after winning the first set (0.53% for slight underdogs and 0.52% for slight favorites, p = 

0.84).  

Next, we examine whether the effect of being a favorite on quitting significantly differs 

between players who had poor initial performance (those who lost the first set) and players who 

had strong initial performance (those who won the first set). This analysis requires us to 

simultaneously examine the decisions made by two players per match. By construction, one 

player’s choice to quit precludes his opponent from quitting. To deal with the dyadic, non-

independent structure of our data as well as the non-independence across observations within 

each player, we combined a resampling methodology with block bootstrapping (Cameron, 
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Gelbach, & Miller, 2008). Specifically, we create 100,000 bootstrap resamples in two steps. 

First, we randomly select one observation (representing a player in a specific match) from each 

match to create a sample that is half of the size of our original dataset. We repeat this step 100 

times. Then, within each sample constructed in the first step, we resample the clusters of players 

with replacement 1,000 times and include all observations of players that are randomly selected. 

On each of the 100,000 (i.e., 100*1,000) bootstrap resamples, we run an OLS regression to 

predict quitting using the independent variables in regression specification (1) along with an 

indicator for the loser of the first set in a given match (first-set loser) and its interaction with the 

favorite indicator. We also include the interaction between an indicator for being the first-set 

loser with each term in the fourth-degree polynomial of log rank ratio (four terms total) to 

ensure that the interaction between first-set loser and the favorite indicator is not picking up a 

continuous effect of log rank ratio on quitting but instead reflects a discontinuous difference 

between favorites and underdogs. For each bootstrap resample, we store the resulting regression 

coeficients. We report the means and standard deviations of the coefficient estimates across 

100,000 bootstrap resamples in Model 3 in Table 2. The primary predictor of interest is the 

interaction term between an indicator for losing the first set and the favorite indicator. The 

positive and significant coefficient on the interaction term (β = 0.0053, p < 0.001) indicates that 

the discontinuous jump in quitting rates at the favorite-underdog threshold is significantly 

stronger for favorites who lose the first set than for favorites who win the first set, consistent 

with our theorizing.5 

                                                            
5 Summing the coefficient on the favorite indicator and the coefficient on the interaction term reveals that the total effect 
of being a favorite on quitting likelihood for players who lost the first set is statistically significant (the size of the total 
effect is 0.0049, with a bootstrapped SE of 0.0014, p < 0.001). This estimated effect size, within the margin of error, is 
similar to the effect estimated in Model 1 (i.e., 0.0037; SE = 0.0010) where only players who lost the first set were 
included. In addition, the estimated effect of being a favorite for players who won the first set was similar in Models 2 
(coefficient on favorite = 0.0002, SE = 0.0005) and 3 (coefficient on favorite = -0.0005, bootstrapped SE = 0.0009), within 
the margin of error.  
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Robustness tests. We conducted numerous analyses to test the robustness of our findings 

pertaining to Hypothesis 1, which we present in Appendix C. To summarize these tests, our 

results remain robust when: (1) we rely on logistic regressions instead of OLS regressions; (2) 

we adjust the operationalization of predictor variables, including (a) controlling for a player’s 

age as a linear term without the squared term, (b) treating both players in a match as favorites if 

they have identical rankings (in cases where players have identical rankings, the average quitting 

rate among first-set losers is 1.95%), or (c) treating both players in a match as underdogs if they 

have identical rankings; (3) we remove matches with extremely high or low log rank ratios by 

dropping all observations with a log rank ratio above the 97.5th or below the 2.5th percentile; (4) 

we remove matches with a log rank ratio between -0.01 and 0.01; (5) we use differences in 

players’ ranks or players’ raw rank ratio instead of their log rank ratio to capture relative skills. 

It is common in RD analysis to control for high order polynomials of the continuous 

assignment variable (e.g., Flammer, 2015; Lee & Lemieux, 2010; Pierce et al., 2013). However, 

Gelman and Imbens (2014) present evidence that estimators based on high-order polynomial 

models can be misleading in some situations. We conducted several robustness tests to address 

this concern. First, our results remain meaningfully unchanged if we control for the second-order 

or third-order polynomial of log rank ratio rather than the fourth-order polynomial. In addition, 

our results are robust if we remove high-order polynomials altogether and only control for a 

linear term of log rank ratio. Further, our results are robust to applying local linear models to 

observations that are close to the rank equality threshold, as recommended by Gelman and 

Imbens (2014). Specifically, in a robustness test, we discard observations with a log rank ratio 

value that is greater than an optimal bandwidth away from our threshold of zero in order to avoid 

concerns about a non-linear relationship between the log rank ratio variable and the decision to 
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quit (Angrist & Pischke, 2009; Imbens & Lemieux, 2008). We then estimate a linear function on 

remaining observations with log rank ratio values near zero (Hahn, Todd, &Van Der Klaauw, 

2001). We follow Imbens and Kalyanaraman (2009, 2012) to derive the optimal bandwidth 

around the rank equality threshold for this test. Hypothesis 1 remains supported when we switch 

to this alternative empirical approach. In Appendix D, we provide details about this analytical 

approach and the regression results it produces.  

Discussion 

In this field study, we analyzed the behavior of thousands of men’s professional tennis 

players and identified a favorite-underdog discontinuity in their persistence decisions. Compared 

to underdogs who exhibit poor initial performance (falling behind by a set), favorites who exhibit 

poor initial performance are more likely to quit. 

We find that being a slight favorite (versus a slight underdog) increases the likelihood of 

quitting among first-set losers by 26.62% relative to the average quitting rate observed in our 

data. This detected effect is robust to numerous alternative specifications and robustness tests. 

Importantly, our RD design does not compare average favorites with average underdogs, and we 

do not rely on all of the 323,683 observations where players lost the first set to identify the 

average effects of favorite status on quitting following a setback. In fact, when we zoom in on 

matches involving similarly ranked players and consider the 27,647 observations in which 

players’ log rank ratios fell between -0.10 and 0.10,6 we find that favorites quit significantly 

                                                            
6 We balance two considerations when choosing bandwidths for our analyses. Choosing too wide of a bandwidth 
raises the concern that we might be comparing dissimilar players. Choosing too narrow of a bandwidth, however, 
raises the concern that we include too few instances of quitting and lack statistical power to detect a difference 
between slight favorites and slight underdogs. We conducted our analysis on players whose log rank ratios fell 
between -0.10 and 0.10 to balance these concerns. The extremes of the log rank ratio in this region (i.e., -0.10 and 
0.10) corresponds to a #20 player playing a #18 player or a #22 player, which we think represents skill levels that 
are quite comparable. If we use a smaller bin size (e.g., 0.01; See Figure B4 in Appendix B), the quitting results 
become noisier because there are not a large enough number of observations extremely close to the rank equality 
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more often than underdogs. Further, in regression discontinuity analyses including all 323,683 

observations in which the target player lost the first set, we also identify our effects by 

comparing favorites and underdogs who are just above or below the favorite-underdog threshold 

thanks to the inclusion of a high-order polynomial of the log rank ratio variable in our regression 

models. Our regression approach including all observations and a large set of control variables 

allows us to rule out the possibility that underlying differences between underdogs and favorites 

(e.g., in wealth, number of fans, skills, etc.) could account for our finding. We can also rule out 

selection effects for our findings since tennis players cannot directly influence the opponent they 

face, and we observe no differences in pre-match withdrawals between underdogs and favorites. 

Overall, our field study leverages an RD design to make a causal inference about the effect of 

being favored on quitting and supports Hypothesis 1.  

According to ATP rules, the only legitimate reason a player has for leaving a match early 

is injury. Thus, we know that each player who quit in the middle of a match claimed to be 

injured. In our dataset, slight favorites are discontinuously more likely to quit and claim an injury 

than slight underdogs after losing a first set, even though these competitors are virtually identical 

(e.g., in terms of their likelihood of getting injured and the seriousness of their injuries) beyond 

their designations as “favorite” and “underdog.” Thus, we have suggestive evidence that some of 

the injuries that favorites claim are, at the very least, less severe than those claimed by underdogs 

if not entirely fictitious. This is consistent with our proposed mechanism that people use quitting 

as an impression management strategy. However, there may be other mechanisms that contribute 

to our findings about tennis players’ quitting decisions. For example, favorites who are down in 

the first set may try harder to catch up, take on more on-court risks, and thus have a higher risk 

                                                            
threshold (N = 1,885 observations in which the target player lost the first set and his log rank ratio fell between -0.01 
and 0.01) and incidences of quitting are relatively rare (the averaging quitting rate is 1.68% among first-set losers). 
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of true injuries, compared with underdogs who are down in the first set. In Appendix E, we 

report additional analyses showing that this alternative explanation is unlikely to account for the 

effect of performance expectations on quitting that we document, however. Another potential 

alternative explanation is that favorites might interpret the same injuries as discontinuously more 

painful and serious than underdogs after losing the first set. Favorites may even be more likely to 

interpret their initial loss as a signal that they are injured, compared to underdogs. Such 

differences in attributions may cause favorites to quit more frequently than underdogs after 

losing the first set. Our field study cannot disentangle our hypothesized impression management 

motive (i.e., players quitting and falsely claiming injuries to avoid further public embarrassment) 

from these attribution-based explanations. In our next study, we report the results of a laboratory 

experiment designed to test our hypotheses and replicate our findings in a different setting. With 

this laboratory study, we highlight the generalizability of our findings and directly examine the 

mediating role of embarrassment on persistence decisions.  

STUDY 2: EXPECTATIONS, IMPRESSION MANAGEMENT CONCERNS, AND 

PERSISTENCE IN THE LABORATORY 

 In Study 2, we extend our investigation to a different setting outside of the context of 

sports: we conduct a laboratory study involving a trivia challenge. In this study, we manipulated 

participants’ external performance expectations and measured their feelings of embarrassment 

and their persistence decisions. This study serves three primary purposes. First, we replicate our 

finding in Study 1, showing that individuals who face high performance expectations are less 

persistent after poor initial performance (Hypothesis 1). Second, we offer insight into the 

underlying mechanism responsible for this effect; we demonstrate that following poor initial 

performance, individuals who face high external expectations feel more embarrassed than 
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individuals who face low external expectations (Hypothesis 2). Finally, we demonstrate that 

feelings of embarrassment mediate the influence of external expectations on persistence 

decisions (Hypothesis 3). Following best practices, we report how we determined our sample 

size, all data exclusions, all manipulations, and all measures. 

Participants 

We conducted this study at a Midwestern university in the United States. Participants 

received course credit for participating in the experiment and earned additional money depending 

on their performance. We recruited as many participants as we could across 29 experimental 

sessions, and the number of sessions was determined prior to data collection. Among the 305 

participants who showed up for these 29 sessions, 304 participants (161 females, average age of 

19 years) completed our study.7 The number of participants who attended each session ranged 

from 6 to 12. 

Experimental Procedure  

At the start of each experimental session, the experimenter asked participants to introduce 

themselves to one another by stating their names and academic majors (Chen et al., 2011; Lim, 

2010). Then, the experimenter handed out and read aloud instructions about a trivia challenge. 

Participants learned that they would be randomly assigned to take part in a trivia challenge 

including questions of either “middle-school difficulty” or “expert difficulty.” Participants 

learned that the middle-school difficulty condition involved trivia questions that most people are 

exposed to by the end of middle school, and that good performers answer 70% of the questions 

                                                            
7 Due to technical difficulties with one computer, one participant could not proceed after the 20th trivia question and 
did not answer any subsequent questions (including questions used to measure the underlying mechanism 
responsible for persistence). Our results regarding the relationship between performance expectations and 
persistence are robust if we include this participant and assign them either the lowest (i.e., 20) or the highest (i.e., 
45) possible persistence score.  
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correctly. Participants also learned that the expert difficulty condition involved trivia questions 

that most people cannot answer, and that good performers answer 20% of these questions 

correctly.8   

By assigning participants to the middle-school difficulty or expert difficulty condition, 

we manipulated whether participants faced external expectations to perform at a relatively high 

or low level, respectively. Since all participants read the same instructions, external expectations 

for both groups were common knowledge. Unbeknownst to the participants, the questions were 

identical between conditions. Through pretests, we selected questions that most people would 

have been educated about by the end of middle school but found difficult (e.g., “Where does the 

presentation of the Nobel Peace Prize occur annually?” See Appendix F).  

We informed participants that they would have up to 30 seconds to answer each question. 

We also told participants that the first 20 trivia questions would cover a broad array of topics, 

and that after the 20th question and after every question thereafter, they would be allowed to 

choose whether to continue answering trivia questions covering the same set of topics or to 

switch to trivia questions on new topics. We told participants that regardless of whether or not 

they switched topics, the difficulty of the questions would remain the same. 

Next, we informed participants that their performance (i.e., the percentage of questions 

they answered correctly) would be ranked relative to the performance of other participants in the 

same trivia difficulty group and posted on the blackboard before the experimental session ended. 

This aspect of our design made participants’ performance public and created social performance 

                                                            
8 Our decision to use 70% and 20% in our communications manipulating external expectations was informed by a 
pretest (N = 213). In the pretest, participants only read descriptions of the two conditions without information about 
the results of “good performers”. Participants assigned to the middle-school difficulty condition predicted that they 
would be able to answer 70% of the questions correctly on average, whereas participants actually answered 20% of 
questions correctly on average in both conditions. 
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pressure (because peers and experimenters observed their performance). Participants learned that 

if they switched topics at any point, their performance would be calculated based only on the 

questions they answered after switching topics. Thus, by deciding to quit answering questions on 

the original topics, participants could reset their performance and prevent past (potentially poor) 

performance from being posted publicly. 

Finally, we informed participants about their incentives: participants who persisted in 

answering quiz questions on the original set of topics would earn $0.15 for each correct answer 

during the trivia challenge; participants who switched topics at any point would earn $0.15 for 

each correct answer submitted before they switched topics and $0.10 for each correct answer 

they submitted after they switched. Thus, participants faced a monetary penalty for failing to 

persist. If they switched topics, they would sacrifice potential earnings (earning $0.10 instead of 

$0.15 per correct question), but reset their performance.  

 After the experimenter finished reading instructions to participants and answering their 

questions, she flipped a coin to determine each participant’s condition. Participants in the 

middle-school difficulty condition sat at computer terminals labeled “Trivia Challenge: Middle-

School Difficulty;” participants in the expert difficulty condition sat at computer terminals 

labeled “Trivia Challenge: Expert Difficulty.” 

After each question participants answered, we gave participants feedback so that they 

knew whether or not their answer was correct and what percentage of questions they had 

answered correctly up to that point in the study. After participants received feedback on the 20th 

question, they answered a series of questions that assessed how they felt about their performance 

and the results they had achieved from the challenge. We detail these questions in the Measures 

section. 



31 
 

Next, we presented participants with their first opportunity to quit answering questions on 

the original set of topics and switch to questions about a new set of topics (and earn a lower 

piece-rate payment per correct answer). We offered participants who continued with the original 

topic set the opportunity to switch after every question until the end of the challenge (which 

included 45 questions on the original topics). Notably, we did not inform participants how many 

questions were included in the challenge or what new topics they would encounter if they chose 

to switch topics. 

 After finishing the trivia challenge, participants answered questions about their age and 

gender and finally received their payment. Participants’ performance was ranked and posted on 

the blackboard at the end of the session.  

Measures 

Our dependent measure of persistence was the number of questions from the original 

topic set that each participant attempted to answer before electing to switch topics. This measure 

took on a value ranging from 20 (for participants who switched topics at the first opportunity) to 

45 (for participants who never switched topics).  

 After the 20th trivia question, we asked participants to rate on a seven-point Likert scale 

the extent to which they felt embarrassed (1 = not at all; 7 = very much) using a four-item scale 

adapted from Mosher and White (1981) (“embarrassed,” “self-conscious,” “ashamed,” and 

“disgraced”). Though some prior scholars have distinguished shame from embarrassment, the 

four items were highly correlated in this study (Cronbach’s α = 0.89). Thus, we averaged 

responses to these four items to form a composite measure of embarrassment, consistent with 

research that treats embarrassment and shame as closely related emotions (e.g., Borg et al., 1988; 

Carver & Scheier, 1990; Kaufman, 1989; Izard, 1977). The results reported below are all robust 
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to measuring embarrassment using only “embarrassed” and “self-conscious” (correlation 

coefficient r = 0.68, p < 0.0001). 

 We also collected measures to address potential alternative explanations for our 

findings. First, participants in the middle-school difficulty condition might have felt that the 

trivia questions were more difficult than they were initially led to believe and as a result find the 

challenge unfair, which might account for their decision to disengage from the original set of 

questions. To examine this possibility, we asked participants to rate the extent to which they 

found the results they had achieved from the trivia challenge to be unfair (1 = not at all; 7 = very 

much).9 Second, it is possible that participants in the middle-school difficulty condition felt more 

negative emotions in general after they worked on questions that were harder than they 

anticipated, which might have further reduced their persistence. To tease apart the effect of 

negative affect from our proposed effect of embarrassment, we asked participants to rate the 

extent to which they felt angry, upset, frustrated, and disappointed (1 = not at all; 7 = very 

much). We averaged these four items to form a composite measure of negative affect 

(Cronbach’s α = 0.89). 

 Third, another potential concern is that after performing below their expectations, 

participants in the middle-school difficulty condition had reduced confidence in their ability to 

answer questions on the original topics relative to participants in the expert difficulty condition. 

A larger decrease in confidence could potentially cause participants in the middle-school 

difficulty condition to quit answering questions on the original topics sooner than participants in 

                                                            
9 We measured unfairness using three items (“unfair,” “wrong,” and “legitimate”). However, these three items had a 
low inter-item reliability (Cronbach’s α = 0.61). We thank the anonymous reviewer who suggested that we focus on 
the “unfair” item because participants might have misinterpreted the items “legitimate” and “wrong” as referring to 
whether the trivia challenge provided accurate answers. Our results are robust if we average the three items to create 
a composite measure of unfairness, with “legitimate” reverse-coded.  
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the expert difficulty condition (Carver & Scheier, 1990). To test this possibility, we asked 

participants to indicate their confidence at two points in time: before beginning the trivia 

challenge (participants predicted the percentage of questions they would answer correctly) and 

after the 20th question (participated predicted the percentage of questions they would answer 

correctly if they continued to answer questions on the original set of topics). To measure change 

in confidence, we calculated the difference in participants’ confidence ratings between the two 

measures; negative values indicate that participants became less confident. In addition to change 

in confidence, we also analyzed participants’ absolute level of confidence after the 20th question. 

Past research has highlighted confidence judgments as a determinant of persistence decisions 

(Bandura, 1997; Carver et al., 1979; Whyte et al., 1997; Whyte & Saks, 2007). For simplicity, 

we focus on change in confidence in the Results section, but we report analyses related to 

participants’ absolute levels of confidence in Appendix G.  

Results 

 Persistence. Across the first 20 questions, participants in the middle-school difficulty 

and expert difficulty conditions both performed poorly (answering 22.76% vs. 23.07% of 

questions correctly, respectively, p = .80). Following Hypothesis 1, we predicted that after 

exhibiting poor initial performance, people facing high external expectations (i.e., those in the 

middle-school difficulty condition) would be less persistent than those facing low external 

expectations (i.e., those in the expert difficulty condition). Indeed, as shown in Figure 4A, we 

found that participants in the middle-school difficulty condition switched topics sooner (M = 
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22.44, SD = 6.34) than did participants in the expert difficulty condition (M = 29.89, SD = 

11.38), t(302) = 7.07, p < .0001.10  

 Embarrassment. In Hypothesis 2, we predicted that following poor initial performance, 

people facing high external expectations would feel more concerned about violating social 

expectations and more embarrassed than those facing low external expectations. Indeed, as 

shown in Figure 4B, we found that participants in the middle-school difficulty condition felt 

more embarrassed (M = 2.65, SD = 1.39) than did participants in the expert difficulty condition 

(M = 3.08, SD = 1.46), t(302) = 2.64, p = .009.  

Mediation by embarrassment. Next, we test whether the effect of external expectations 

on persistence can be explained by differences in embarrassment (Hypothesis 3). In an OLS 

regression, embarrassment was a significant and negative predictor of persistence (β = -1.16, p 

< .001), and the effect of facing high (vs. low) external expectations on persistence was 

significantly reduced from β = -7.47 (p < .001) to β = -6.95 (p < .001) when embarrassment was 

included in the model. A 5,000-sample bootstrap analysis estimated an indirect effect of external 

expectations on persistence via embarrassment as -0.50 (bootstrapped SE = 0.26), and the 95% 

bias-corrected confidence interval of the indirect effect ([-1.17, -0.11]) did not include zero. 

Thus, embarrassment mediated the effect of external expectations on persistence, supporting 

Hypothesis 3. 

Alternative explanations. Participants in the middle-school difficulty condition reported 

feeling (a) that the contest was significantly less fair (Munfairness = 2.96) and (b) that their 

                                                            
10 In light of the right-censoring nature of our data, we conducted a robustness check using a survival analysis. 
Specifically, we ran a proportional hazards regression, specified that the data were right censored at 45, and defined 
the event of interest to be switching topics prior to the 45th trivia question. A positive coefficient estimated in this 
model on the indicator for our middle-school difficulty condition (β = 2.05, p < .001) indicated that the hazard rate 
of quitting in the middle-school difficulty condition is 7.77 times (i.e. exp(2.05)) as large as that in the expert 
difficulty condition. 
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confidence had decreased to a greater extent (Mchange in confidence = -40.84%) than participants in the 

expert difficulty condition (Munfairness = 2.19, t(302) = 3.79, p = .0001; Mchange in confidence = -5.27%, 

t(302) = 20.01, p < .0001). We found no significant differences in reported negative affect 

between participants in the middle-school difficulty (Mnegative_affect = 2.86) and expert difficulty 

conditions (Mnegative_affect = 2.58) at the 5% level, t(302) = 1.72, p = .09. We conducted an OLS 

regression to predict persistence using an indicator for the middle-school difficulty condition, 

embarrassment, as well as our measures of unfairness, negative affect, and reduced confidence. 

In this regression, embarrassment remained a significant and negative predictor of persistence (β 

= -1.96, p < .001). A 5,000-sample bootstrap analysis confirmed that while controlling for the 

additional variables measured, the indirect effect of external expectations on persistence via 

embarrassment was significant (indirect effect = -0.84; bootstrapped SE = 0.39; the 95% bias-

corrected confidence interval = [-1.79, -0.22]). Importantly, none of the other variables we 

measured (unfairness, negative affect, reduced confidence) significantly mediated the effect of 

external expectations on persistence, regardless of whether these measures were tested 

independently or simultaneously (see Appendix G for details).  

Discussion 

In this experiment, we measured persistence by assessing how long participants in a trivia 

challenge continued to answer questions on the same set of topics before electing to switch to a 

new set of topics for a lower rate of pay. Our design mimicked common situations in 

organizations in which employees choose to either persist on a project or switch to a different 

one. This study provides additional support for Hypothesis 1: When individuals experience poor 

initial performance, those facing high external expectations are less persistent than those facing 

low external expectations. In addition, we find that following poor initial performance, 
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individuals facing high external expectations experience greater impression management 

concerns as measured by elevated feelings of embarrassment (Hypothesis 2), which drives them 

to be less persistent (Hypothesis 3). Furthermore, the results of this study are inconsistent with 

several alternative explanations for the relationship between poor initial performance, high 

external expectations, and persistence. The evidence we collect is inconsistent with the 

possibility that fairness concerns, negative affect, or a reduction in confidence account for our 

results. Taken together, we find that embarrassment plays a unique role in prompting individuals 

facing high external expectations to quit sooner than others when facing adversity.  

In general, high expectations and high self-efficacy increase motivation and improve 

performance (Bandura, 1997; Eden, 1990; Vroom, 1964). In our experiment, we manipulated 

performance expectations, but did not find a link between expectations and performance. We 

suspect that the nature of our task, a trivia challenge, limited the effects of motivation. That is, 

greater effort is likely to improve performance across a variety of domains, but it is unlikely to 

improve the ability to recall trivia. 

GENERAL DISCUSSION 

Across a field study and a laboratory study, we investigated how external performance 

expectations influence persistence decisions. In Study 1, we analyzed over 30 years of archival 

data from professional men’s tennis matches. Using a quasi-experimental regression 

discontinuity approach, we found that following poor initial performance (a loss in the first set), 

competitors who were expected to win were less persistent (i.e., they were more likely to quit 

mid-way through a match) than similarly talented competitors who were expected to lose. In 

Study 2, we manipulated external performance expectations and found the same pattern of 

results– participants who faced higher performance expectations were less persistent than those 
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who faced lower performance expectations following poor initial performance. In addition, we 

found that high external expectations increased impression management concerns and triggered 

embarrassment, which mediated the combined effect of poor performance and high external 

expectations on persistence. The combination of field and laboratory data provide convergent 

evidence for both the external and internal validity of the negative link between expectations and 

persistence in the face of adversity.  

Theoretical and Practical Implications 

Our research makes several important contributions to management theory. First, within 

organizations, managers and employees constantly face decisions about whether to persist in the 

face of adversity or redirect their effort. In spite of the enormous importance these decisions can 

have, there are significant gaps in our understanding of when and why individuals persist. We 

demonstrate that the decision to persist can be significantly influenced by psychological factors 

that have little to do with the economic costs and benefits of persisting. Although individuals’ 

confidence in their ability to overcome initial setbacks heavily influences persistence decisions, 

as highlighted by past research (e.g., Bandura, 1997; Berger & Pope, 2011; Carver et al., 1979; 

Whyte et al., 1997; Whyte & Saks, 2007), we identify impression management considerations, or 

more precisely, the desire to avoid embarrassment, as another important antecedent of quitting 

that, in some settings, may trump the influence of confidence and cause individuals with high 

external expectations to be less persistent.  

Second, in contrast to the extant literature that has overwhelmingly highlighted the 

advantages of being expected to perform well (see Eden, 1990 and McNatt, 2000 for meta-

analyses), we both theorize and demonstrate that facing high external expectations can, in the 

face of early setbacks, be a burden. Following poor initial performance, high external 
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expectations amplify impression management concerns producing feelings of embarrassment and 

causing people to quit more often than they would if they had faced low external expectations, 

even when quitting entails forgoing opportunities to earn substantial rewards (e.g., substantial 

prize money in the case of Study 1). Our theorizing and findings in no way contradict the robust 

finding from past research that high external expectations, on average, lead to better 

performance. Instead, we note that performance depends on factors beyond motivation such as 

luck and extenuating circumstances. As a result, people with high expectations may not always 

perform well. We fill a gap in the organizational literature by demonstrating that high 

expectations can lower persistence when initial performance is poor.  

 Third, our findings add to a small but growing collection of field studies that link 

psychological factors to unethical behaviors (Gino & Pierce, 2010; Greenberg, 1993; Kilduff, 

Galinksy, Gallo, & Reade, 2016). According to ATP rules, players are only allowed to quit mid-

match due to an injury. Given the sensitivity of quitting decision to the combination of high 

expectations and poor initial performance, our findings suggest that some claims of physical 

injury are likely illegitimate. We call for future research to examine the relationship between 

performance expectations and ethical decisions in field settings.  

Our findings also offer a number of prescriptions for managers. First, we shed light on 

the importance of managing subordinates’ performance expectations. Past research suggests that 

mangers can boost employees’ motivation and job performance by communicating positive 

expectations (McNatt, 2000). However, our findings reveal that conveying positive expectations 

may come at a cost under some circumstances. If subordinates face high expectations, but 

experience an early setback, they may feel particularly concerned about their public image, 

experience embarrassment, and reduce persistence. In practice, this pattern of behavior may take 
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many forms, such as stepping down from a leadership position, quitting a competition, 

decreasing involvement in a project, or reallocating effort from one task to another. Regardless 

of its specific form, failures to persist in the workplace can be costly to both individuals and 

organizations. Managers’ awareness of the relationship between expectations and persistence 

may be particularly important in competitive fields that attract high performers. For example, 

candidates who enter top tier consulting or banking jobs, students who enter elite colleges, and 

faculty who begin careers at top tier institutions may be particularly prone to quitting when they 

encounter setbacks. To reduce the likelihood of premature quitting and the harmful effects of 

embarrassment, managers should focus attention on employees who face high expectations and 

experience early setbacks and develop strategies to help them. For example, it may be helpful to 

foster a culture that accepts and learns from failure and to cultivate a growth mindset (Dweck, 

2006).   

Our findings from Study 1 also highlight a harmful consequence of ranking systems. 

Greater access to data and analytical tools has facilitated increased reliance on ranking systems 

in many industries (Mills & Mills, 2014). Ranking systems communicate external expectations 

and may therefore create impression management anxiety for employees facing high 

expectations. Our findings suggest that ranking systems should be used with caution and add to 

an ongoing discussion about the benefits and costs of ranking employees (Barankay, 2012; 

Charness, Masclet, & Villeval, 2014) and making rankings transparent (Bernstein & Li, 2016; 

Song, Tucker, Murrell, & Vinson, 2017).  

Limitations and Future Directions 

We combined analyses of laboratory and archival data to establish the robustness of our 

findings and their relevance to management practice. The sports context we studied represents a 
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large, complex organization with many stakeholders and interest groups (e.g., players, coaches, 

sponsors, spectators, and the media) who are deeply invested in the organization. Also, there are 

many similarities between the organization of men’s professional tennis and more traditional 

corporations. For example, tennis players and businesspeople are rewarded based on their 

performance, subject to impression management concerns, and accountable to stakeholders (e.g., 

sponsors versus investors). Management scholars regularly use sports data to study 

organizational phenomena leveraging the availability of detailed and objective performance 

metrics (e.g., Marr & Thau, 2014; Kilduff et al., 2010; Larrick et al., 2011) as we have done 

here. Still, we call for future research to explore the relationship between expectations and 

persistence in more traditional organizational environments.  

One question that emerges from this investigation is whether the expectation-persistence 

relationship documented here represents a burden associated with high external expectations or a 

benefit of low external expectations. One interpretation of our results is that individuals facing 

low expectations have little to lose from a failure and much to gain from a success and thus are 

more persistent in the face of adversity, even when their odds of success are low. In this work, 

we have focused on documenting the novel, negative expectation-persistence relationship. Future 

research that differentiates the psychology of facing high versus low expectations could advance 

our growing understanding of the interpersonal and motivational benefits of being an underdog 

(e.g., Lount et al., 2017; Nurmohamed, 2014; Paharia, Keinan, Avery, & Schor, 2011). 

Both of our studies are characterized by high performance visibility. In Study 1, 

individuals performed in public, and in Study 2, individuals knew that their performance would 

become public. This feature of our studies highlights the influence of external performance 

expectations and impression management concerns, and mirrors the constant, high visibility of 
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job performance in roles ranging from sales, to trading, to call center operation. Across many 

organizational contexts, performance is highly visible (e.g., because performance rankings are 

posted, periodic updates are provided on product development, contests are conducted, etc.). In 

other contexts (e.g., promotions, elections), outcomes are more visible than interim performance. 

Future work should explore the relationship between expectations and persistence when interim 

performance and even final performance outcomes are invisible to others. In these settings, 

public image concerns should exert far less influence on behavior (Leary & Kowalski, 1990), 

and high external expectations may not reduce persistence. When performance is difficult to 

observe, internal expectations (the expectations that people have for themselves) are likely to 

matter far more than external expectations. Investigating whether or not high internal 

expectations lead people to reduce their persistence following poor initial performance is an 

interesting future research direction. On the one hand, individuals with high internal expectations 

may perceive poor initial performance as personally disappointing and may thus adopt an exit 

strategy in order to maintain a positive self-image. On the other hand, self-image maintenance 

often “occurs entirely on a cognitive level” (Leary & Kowalski, 1990, p.35) and may not elicit 

behavioral responses such as quitting.  

Prior research on quitting has focused primarily on its downside (such as reduced or 

eliminated chances of success and the social stigma associated with quitting; e.g., Eriksson et al., 

2015; Fershtman & Gneezy, 2011) and overlooked impression management benefits that can, 

and often do, outweigh the costs of quitting. By quitting, people can withdraw from situations 

that produce embarrassment, avoid being held accountable for poor outcomes, and take the 

opportunity to re-build their public image by excelling elsewhere. In particular, when attributions 

for poor performance are ambiguous and when the prospect of an initiative is uncertain, quitting 
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with a plausibly valid excuse can not only provide a reasonable explanation for poor 

performance, but also preserve the impression that the “quitter” might have succeeded if not for 

extenuating circumstances (e.g., family obligations, health issues). Potentially interesting 

avenues for future research include exploring how people balance the impression management 

benefits and costs of quitting and how the perceived legitimacy of a quitting excuse moderates 

the relationship we document between external expectations and persistence.  

Extending prior work that has identified high performance expectations as an asset, we 

reveal that in the face of adversity, high expectations can also be a liability when it comes to 

persistence. Our field and laboratory studies together demonstrate that when the going gets 

tough, high external expectations can lead people to experience greater embarrassment and 

reduce their persistence. We encourage future research to further our understanding of both the 

benefits and the burdens of high expectations.  
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TABLES AND FIGURES 
Table 1. Descriptive statistics 

 
Note. Descriptive statistics are calculated for 657,030 player-match-observations from 328,515 matches with the 
exception of lost first set for which description statistics are calculated for 648,594 player-match-observations from 
324,297 matches in which players completed the first set. Descriptive statistics summarizing categorical control 
variables (tour types, surface types, and first-set scores) are detailed in Appendix A.  
 
  

Variable Mean
Standard 
Deviation

Quit 0.014 0.117
Favorite 0.50 0.50
First-Set Loser 0.50 0.50
Log Rank Ratio 0.00 1.15
Target Player’s Rank 389.65 382.35
Opponent’s Rank 389.65 382.35
Age 24.10 3.72
Prize Money ($) 245374.20 660006.90
Year 1998.83 9.92
Round 1.92 1.13
Win the Match 0.50 0.50



49 
 

Table 2. Ordinary least squares regression-discontinuity models predicting quitting mid-match 
as a function of whether a player was the favorite to win a match 

 
Notes.  

Model 1 includes players who lost the first set in a match. It shows that favorites who lost the first set are more 
likely to quit than underdogs who lost the first set. 

Model 2 includes players who won the first set in a match. It shows that favorites who won the first set are no 
more likely to quit than underdogs who won the first set.  

Model 3 presents analyses that randomly select one player from each match without conditioning target player 
selection on first set performance. It shows that the discontinuous jump in quitting rates at the favorite-underdog 
threshold is significantly stronger for players who lose the first set than for players who win the first set. 

Standard errors are clustered at the player level in Models 1 and 2. For Model 3, we report the mean and 
standard deviations of the coefficients from 100,000 bootstrapped samples, and calculate p-values based on 
bootstrapped standard errors.  

Additional control variables include player’s rank and its interactions with log rank ratio polynomial, opponent's 
rank and its interactions with log rank ratio polynomial, player's age and its squared term, prize money, match 
surface fixed effects, tour fixed effects, tournament round fixed effects, tour X round fixed effect interactions, first 
set score fixed effects, and year fixed effects. 

*, **, *** denotes significance at the 5%, 1%, and 0.1% level, respectively. 
 
 
 

Outcome Variable

Model 1 Model 2 Model 3
Favorite 0.0037*** 0.0002 -0.0005

(0.0010) (0.0005) (0.0009)
First-Set Loser x Favorite 0.0053***

(0.0016)
First-Set Loser 0.0296***

(0.0033)
Log(Rank Ratio) 0.0006 -0.0003 -0.0010*

(0.0006) (0.0004) (0.0006)
Log(Rank Ratio)^2 -0.0003 0.0001 0.0007***

(0.0002) (0.0001) (0.0002)
Log(Rank Ratio)^3 4.48E-06 -0.0001 2.70E-05

(4.32E-05) (4.82E-05) (6.05E-05)
Log(Rank Ratio)^4 -2.37E-06 7.88E-06 -2.60E-05**

(1.14E-05) (1.14E-05) (1.52E-05)
First-Set Loser X Log(Rank Ratio) 0.0024*

(0.0010)
First-Set Loser X Log(Rank Ratio)^2 -0.0011***

(0.0003)
First-Set Loser X Log(Rank Ratio)^3 -8.68E-05

(7.56E-05)
First-Set Loser X Log(Rank Ratio)^4 2.83E-05

(1.73E-05)
Additional Control Variables Yes Yes Yes

Sample Inclusion Criterion
Players who lost the first set 
in a match are included

Players who won the first set 
in a match are included

One player is randomly selected player 
from each match

Observations 323,683 323,683 310,844-340,739 across 100,000 samples
R-squared 0.0057 0.0017 0.0066-0.0080 across 100,000 samples

Quitting Mid-Match
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Figure 1. Plots of the likelihood of winning a match (Panel A) and number of observations 
(Panel B) as a function of the target player’s log rank ratio relative to his opponent 
 

Panel A. Likelihood of Winning the Match 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Panel B. Distribution of Log Rank Ratio 

  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note. We depict matches where players’ log rank ratio was within one standard deviation of the favorite-underdog 
threshold. For each of the 20 bins of width 0.1 of the log rank ratio variable, the observed likelihood of winning is 
calculated as the average likelihood of winning across all observations in that bin (Panel A), and the number of 
observations refers to the number of matches that fell in that bin (Panel B).  
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Figure 2. The relationship between a target player’s log rank ratio relative to his opponent and 
the target player’s likelihood of quitting mid-match as a function of first set outcomes  
 

Panel A. First-Set Losers                                             
 

 
        

 Panel B. First-Set Winners 
 

  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note. We depict matches where players’ log rank ratio was within one standard deviation of the favorite-underdog 
threshold. Observations are grouped into bins of width 0.1 based on the log rank ratio variable. Panel A shows 
outcomes for first-set losers; Panel B for first-set winners. Each dot represents the average rate at which players in 
the designated bin quit in the middle of a match Solid lines depict the fitted probabilities calculated by taking the 
mean of all predicted values from the tested models (Panel A from Model 1 in Table 2, and Panel B from Model 2 in 
Table 2) for observations in a given bin.  
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Figure 3. Estimated change in quitting at different (placebo) regression discontinuity thresholds 
as well as the threshold of theoretical interest 

 
Note. A fourth-order regression discontinuity model (similar to Model 1 in Table 2) was run for each threshold value 
of log rank ratio between −1.0 and 1.0 at 0.1 intervals. Each dot represents the coefficient on the favorite indicator 
for a given threshold. Error bars represent 95% confidence intervals.  
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Figure 4. Persistence and feelings of embarrassment as a function of external expectations in 
Study 2 
 

Panel A. Persistence 

 

 

 

 

 

 

 

 

 

Panel B. Feelings of Embarrassment 

 

 

 

 

 

 

 

 

 

 

 

 

Note. Error bars represent the standard error of the mean.    
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APPENDIX 

Appendix A. Additional Information about ATP Rankings and Control Variables in Our Regressions  

We use ATP rankings rather than tournament seedings (where a “seed” is a status bestowed upon 

the highest-ranked subset of players in a tournament indicating their expected performance in the 

tournament) for a number of reasons. First, both players competing in a match are only seeded in 7.8% of 

all observations in our dataset. Thus, if we use seeding to determine which player was the favorite in a 

match, our sample size shrinks substantially. Second, for most tournaments, seeding directly reflects ATP 

rankings. Third, according to the ATP website (http://www.atpworldtour.com/Rankings/Rankings-

FAQ.aspx), rankings tend to be the superior measure of which players are the best at a certain time. 

For each match, we know the name of the tournament, the tournament round in which it was 

played, the prize money at stake in the tournament, and the players’ age. Some of the matches in our 

dataset (N=5,805) were missing prize money data, and some (N=15,545) were missing age data for one or 

both of the players. For these observations, we replaced the missing values with the mean value from 

other matches played in the same year. Furthermore, our data includes information about the surface that 

each match was played on, including grass (N=16,562), clay (N=153,590), hard courts (N=130,667), and 

carpet (N=27,099), with 597 matches missing surface classifications. It also includes the tour, or 

tournament category, associated with each match, including the Grand Slam Tour (N=17,254), the World 

Tour (N=85,448), the Masters Tour (N=11,095), the Challenger Tour (N=91,597), and the Futures Tour 

(N=122,956), with 165 matches missing tour classifications.  

Table A1 below summarizes the quitting percentages, winning percentages, and sample size for 

each possible first-set outcome.  

Table A1. Quitting percentages, winning percentages and sample size by first set outcome. 

 

Note. Descriptive statistics are calculated for 324,297 matches that completed the first set. 

First Set 
Outcome

Number of Matches
% of Matches Won by Players 
Achieving this First Set Outcome

% of Players who Quit after 
Achieving this First Set Outcome

Won Set  6-0 11,297 90.40% 0.23%
6-1 35,108 87.23% 0.29%
6-2 52,982 85.74% 0.39%
6-3 73,789 82.15% 0.47%
6-4 75,129 80.07% 0.55%
7-5 29,035 80.18% 0.59%
7-6 46,957 77.42% 0.77%
Lost Set  6-7 46,957 22.58% 1.29%
5-7 29,035 19.82% 1.56%
4-6 75,129 19.93% 1.27%
3-6 73,789 17.85% 1.60%
2-6 52,982 14.26% 1.86%
1-6 35,108 12.77% 2.40%
0-6 11,297 9.60% 3.71%

Winning (all) 324,297 82.23% 0.50%
Losing (all) 324,297 17.77% 1.68%
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Appendix B. Testing the Validity of the RD Design 

To claim that we have causal evidence of this fact, we need to ensure that we satisfy our RD 

design’s two critical assumptions (Imbens & Lemieux 2008): (1) around the equal rank threshold, being 

assigned to favorite versus underdog status is essentially random and (2) there is not a discontinuity in the 

distribution of log rank ratio at the rank equality threshold. We conduct standard tests to examine these 

assumptions.  

With respect to the first assumption, our first test involves contrasting players immediately above 

and below the equal rank threshold. To satisfy this test, we need to show that player characteristics in the 

two groups are very similar. In our setting, we need to compare characteristics separate from the log rank 

ratio. Apart from players’ rankings, which we used to calculate log rank ratio, the only ex-ante 

characteristic that we observe that varies across players in the same match is their age.11 We observe that 

slight underdogs (log rank ratio between -0.10 and 0) are 0.11 years younger (M = 23.78) than slight 

favorites (log rank ratio between 0 and 0.10; M = 23.89, p = .0003). This difference is small, and we 

postulate that this one-month difference cannot account for our results. Still, we include age and age 

squared as controls in our regression analyses. 

We also consider whether a discontinuity in relative skill levels exists at the favorite-underdog 

threshold and successfully rule out this possibility. Since we do not directly observe relative skill levels, 

we use a player’s likelihood of winning a match as a proxy and examine whether there is a discontinuous 

change in the likelihood of winning around the favorite-underdog threshold. This analysis requires us to 

simultaneously examine the likelihood of winning for two players per match. By construction, one 

player’s victory precludes his opponent from winning. To deal with the dyadic, non-independent structure 

of our data as well as the potential non-independence across observations within each player, we 

combined a resampling methodology with block bootstrapping (Cameron, Gelbach, & Miller, 2008). 

Specifically, we create 100,000 bootstrap resamples in two steps. First, we randomly select one 

observation (representing a player in a specific match) from each match to create a sample that is half of 

the size of our original dataset. We repeat this step 100 times. Then, within each sample constructed in the 

first step, we resample the clusters of players with replacement 1,000 times and include all observations 

of players that are randomly selected. On each of the 100,000 (i.e., 100*1,000) bootstrap resamples, we 

run an OLS regression to predict winning - an indicator variable that takes on a value of 1 when a player 

wins a match and 0 otherwise. We rely on the same independent variables as predictors that are included 

                                                            
11 There is no need to examine characteristics for which both players in a match have the same value (e.g., tournament 
round, prize money, tournament type) because for those characteristics, a favorite must have the same value as the 
underdog in the same match by definition. 
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in regression specification (1), except that we exclude control variables indicating first-set scores because 

favorite (vs. underdog) status could influence match outcomes by affecting first-set scores. For each 

bootstrap resample, we store the resulting coeficients. We report the means and standard deviations of the 

coefficient estimates across 100,000 bootstrap resamples in Model 1 in Table B1. The indicator for being 

a favorite is not a statistically significant predictor of winning (β = 0.0045, p > 0.19). Also, we use the 

same approach to predict winning the first set, an indicator variable that takes on a value of 1 when a 

player wins the first set and 0 otherwise. As shown in Model 2 in Table B1, the favorite indicator is not a 

statistically significant predictor of winning (β = 0.0048, p > 0.17). Altogether, we find that the likelihood 

of winning the first set in a match or of winning an entire match does not significantly differ between 

players who are immediately above and those who are immediately below the equal rank threshold, 

confirming that slight favorites and slight underdogs have comparable skills.  

With respect to the second assumption of our RD design, we evaluate whether there is a 

discontinuity in the distribution of log rank ratio at the rank equality threshold. Following Imbens and 

Lemieux (2008), we group player-match observations into bins based on their log rank ratio and plot the 

number of observations in each bin (see Figure 1 in the paper). We make three observations. First, by 

construction, we observe symmetry around the rank equality threshold. Second, as the absolute value of a 

player-match’s log rank ratio decreases from 1 to 0.1, the number of observations in a bin increases 

gradually. Third, the number of observations drops as the absolute value of log rank ratio shifts from 

being between 0.1 and 0.2 to being between 0 and 0.1. The number of observations in a bin should 

gradually increase as the absolute value of log rank ratio decreases if players were randomly paired with 

an opponent of any ranking. However, tournament seeding explicitly prevents matchups between closely 

ranked, top seeded players early in tournaments. Specifically, the ATP pairs players randomly, except that 

top seeded players are placed into pre-determined slots that prevent them from meeting in early rounds of 

play (e.g., the #1 seed is placed at the top of the draw and the #2 seed at the bottom; see 

https://straightsets.blogs.nytimes.com/2009/06/22/a-primer-on-tournament-draws-and-seeding/comment-

page-1/ for more discussion). This ATP matchup system reduces the number of observations as log rank 

ratio becomes very close to the rank equality threshold. When we zoom in on a narrower window around 

the rank equality threshold (where the log rank ratio falls between -0.2 and 0.2) and use a smaller bin size 

of 0.01 (Figure B1), we observe a smooth distribution except that the number of observations in a bin 

drops when the absolute value of log rank ratio changes from being between 0.01 and 0.02 to being 

between 0 and 0.01. When we remove matches where competitors’ log rank ratio falls between -0.01 and 

0.01 (Nmatch = 2,593) and then use regression specification (1) to predict quitting, we again see that the 

favorite indicator is a significant and positive predictor of quitting (β = .0038, p < .001; Model 3 in Table 

B1). Also, looking at raw data, we see that slight favorites whose log rank ratio is between 0.01 and 0.10 
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(N = 12,658) retire at a significantly higher rate (2.01%) than slight underdogs whose log rank ratio falls 

between -0.10 and -0.01 (N = 13,104; quitting rate = 1.67%), χ2 = 4.02, p < .05. Furthermore, when we 

focus on an even smaller region around the rank equality threshold from -0.02 to 0.02 and use a smaller 

bin size of 0.001 (Figure B2), we see a continuous distribution of log rank ratio around the threshold 

(instead of a sharp drop at the threshold). In addition, if we use the difference between two players’ 

rankings as the assignment variable, the number of observations in each bin has a smooth distribution 

(Figure C1 in Appendix C), and importantly, our quitting results hold (Model 10 in Appendix C). 

The concern about a possible discontinuity in the distribution of log rank ratio at the rank 

equality threshold could also arise if players self-select from one side of the favorite-underdog threshold 

to the other. As explained in the paper, players cannot choose their rankings, their opponents, or the 

structure of tournament draws, all of which are decided by ATP officials. The only way self-selection 

could possibly occur is if, after being assigned an opponent but before beginning a match, some players 

choose to be “no shows” and withdraw (hereafter, pre-match withdrawals). We conduct regression 

analyses to predict a player’s choice to withdraw prior to a match as the binary dependent variable. To 

deal with the non-independence of the withdrawal decision for the two players in any given match (e.g., if 

your opponent withdraws, you won’t withdraw) as well as the potential non-independence across 

observations within each player, we again rely on a resampling strategy with blocked bootstrapping and 

construct 100,000 bootstrap resamples. On each resample, we predict a player’s withdrawal decision 

using all independent variables in regression specification (1), except that we exclude control variables 

representing first-set scores because matches with a pre-match withdrawal did not start and thus players 

never competed in a first set. Model 4 in Table B1 shows that favorite is not a significant predictor of pre-

match withdrawals, indicating that there is no evidence that favorites and underdogs near the rank 

equality threshold withdraw prior to matches at a different rate. Consistent with these regression results, a 

plot of raw data (Figure B3) also shows that pre-match withdrawal rates do not discontinuously change 

around the favorite-underdog threshold. Thus, we can rule out selection effects as a possible explanation 

for our findings.  
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Table B1. Ordinary least squares regression-discontinuity models predicting winning the match, winning 
the first set, quitting mid-match, and withdrawing prior to a match 

 

Figure B1. Distribution of target players’ log rank ratio between -0.2 and 0.2 with a bin size of 0.01 

  
Note. Figure B1 depicts matches where players’ log rank ratio was within 0.2 standard deviations of the favorite-
underdog threshold. The number of observations refers to the number of matches falling in each bin of width 0.01 of 
the log rank ratio variable. 
 
 
 
 

Outcome Variable Winning the Match Winning the First Set Quitting Mid-Match
Withdrawing Prior to a 
Match

Model 1 Model 2 Model 3 Model 4
Favorite 0.0045 0.0048 0.0038*** -0.0001

(0.0035) (0.0035) (0.0009) (0.0002)
Log(Rank Ratio) 0.1355*** 0.0977*** 0.0005 0.0003

(0.0024) (0.0023) (0.0006) (0.0002)
Log(Rank Ratio)^2 -0.0001 -2.66E-05 -0.0002 0.0002

(0.0011) (0.0012) (0.0002) (0.0001)
Log(Rank Ratio)^3 -0.0016*** -0.0006*** 6.20E-06 -1.64E-05

(0.0001) (0.0001) (4.54E-05) (1.39E-05)
Log(Rank Ratio)^4 -2.00E-06 -4.89E-07 -2.79E-06 -5.61E-06

(5.06E-05) (6.00E-05) (1.16E-05) (5.04E-06)
First Set Score Fixed Effects No No Yes No
Additional Control Variables Yes Yes Yes Yes

Sample Inclusion Criterion
Matches in which the 
first set was completed

Matches in which the first 
set was completed

Matches in which the target player lost the 
first set and had a log rank ratio that was 
not between -0.01 and 0.01

All Matches

Observations
310,844-340,739 across 
100,000 samples

310,844-340,739 across 
100,000 samples

321,797
311,246-347,436 across 
100,000 samples

R-squared
0.1049-0.1140 across 
100,000 samples

0.0670-0.0742 across 
100,000 samples

0.0057
0.0017-0.0023 across 
100,000 samples

*, **, *** denotes significance at the 5%, 1%, and 0.1% level, respectively

Additional control variables include player's rank and its interactions with log rank ratio polynomial, opponent's rank and its interactions with log rank ratio polynomial,  
player's age and its squared term, prize money, match surface fixed effects, tour fixed effects, tournament round fixed effects, tour X round fixed effect interactions, and 
year fixed effects.

Note. This table reports analyses that exclude matches where two players had identical rankings. Standard errors are clustered at the player level in Model 3. For 
Models 1, 2, and 4, we report the mean and standard deviations of the coefficients from 100,000 bootstrapped samples, and calculate p-values based on bootstrapped 
standard errors.
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Figure B2. Distribution of target players’ log rank ratio between -0.02 and 0.02 with a bin size of 0.001 

 
Note. Figure B2 depicts matches where players’ log rank ratio was within 0.02 standard deviations of the favorite-
underdog threshold. The number of observations refers to the number of matches falling in each bin of width 0.001 
of the log rank ratio variable. The bin size of 0.001 represents 0.001 standard deviations of log rank ratio, and offers 
a very fine-grained view of the data. 
 
Figure B3. The relationship between a target player’s log rank ratio and the target player’s likelihood of 
withdrawing prior to a match 

 

Note. Figure B3 depicts matches where players’ log rank ratio was within one standard deviation of the favorite-
underdog threshold. The observed likelihood of withdrawing prior to a match is calculated as the average likelihood 
of withdrawing across all observations in a given bin of width 0.1 of the log rank ratio variable.  
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Figure B4. The relationship between a target player’s log rank ratio and the target player’s likelihood of 
quitting mid-match 

 
Note. Figure B4 depicts matches where players’ log rank ratio was within 0.1 standard deviations of the favorite-
underdog threshold. The observed likelihood of quitting mid-match is calculated as the average likelihood of 
quitting across all observations in a given bin of width 0.01 of the log rank ratio variable. The bin size of 0.01 
represents 0.01 standard deviations of log rank ratio, and offers a very fine-grained view of the data. Compared to 
Figure 2 Panel A in the paper (where the bin size is 0.1), the quitting results here are noisier because there are not a 
large enough number of observations extremely close to the rank equality threshold (N = 1,885 observations in 
which the target player lost the first set and his log rank ratio fell between -0.01 and 0.01) and incidences of quitting 
are relatively rare (the averaging quitting rate is 1.68% among first-set losers). 
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Appendix C. Robustness Checks for Main Analysis in Study 1 

Table 1. Regression-discontinuity models predicting quitting mid-match 

 

 

 

 

 

 

 

Outcome Variable

Model 1 Model 2 Model 3 Model 4 Model 5
Favorite Indicator 0.2123*** 0.0037*** 0.0038*** 0.0037*** 0.0033**

(0.0549) (0.0010) (0.0010) (0.0009) (0.0012)
Log(Rank Ratio) 0.0870* 0.0006 0.0006 0.0006 0.0015

(0.0410) (0.0006) (0.0006) (0.0006) (0.0010)
Log(Rank Ratio)^2 -0.0204 -0.0003 -0.0003 -0.0003 -0.0003

(0.0193) (0.0002) (0.0002) (0.0002) (0.0008)
Log(Rank Ratio)^3 -0.0004 4.05E-06 4.89E-06 2.82E-06 -0.0003

(0.0040) (4.77E-05) (4.36E-05) (4.27E-05) (0.0002)
Log(Rank Ratio)^4 -0.0004 -2.24E-06 -2.29E-06 -2.56E-06 -5.29E-05

(0.0012) (1.11E-05) (1.08E-05) (1.06E-05) (0.0002)
Additional Control Variables Yes Yes Yes Yes Yes

Description of Robustness 
Check

Logistic 
regression

Only include player 
age as a linear 
control variable

Treat both players in a 
match as favorites if 
they had identical 
rankings

Treat both players in a 
match as underdogs if they 
had identical rankings

Exclude observations with 
log rank ratio above the 
97.5th percentile or below 
the 2.5th percentile

Observations 323,398 323,683 324,297 324,297 307,475
(Pseudo) R-squared 0.0333 0.0056 0.0057 0.0056 0.0056

 Quitting Mid-Match

Outcome Variable

Model 6 Model 7 Model 8 Model 9

Favorite Indicator 0.0038*** 0.0036*** 0.0033*** 0.0033***
(0.0009) (0.0009) (0.0008) (0.0008)

Log(Rank Ratio) 0.0005 0.0006 0.0007* 0.0010**
(0.0006) (0.0005) (0.0003) (0.0003)

Log(Rank Ratio)^2 -0.0002 -0.0003* -0.0003**
(0.0002) (0.0001) (0.0001)

Log(Rank Ratio)^3 6.20E-06 8.83E-06
(4.54E-05) (3.86E-05)

Log(Rank Ratio)^4 -2.79E-06
(1.16E-05)

Additional Control Variables Yes Yes Yes Yes

Description of Robustness Check
Exclude observations 
with log rank ratio 
between -0.01 and 0.01

Control for the third-order 
polynomial of log rank ratio

Control for the second-
order polynomial of log 
rank ratio

Control for the 
linear term of log 
rank ratio

Observations 321,797 323,683 323,683 323,683

R-squared 0.0057 0.0056 0.0056 0.0056

*, **, *** denotes significance at the 5%, 1%, and 0.1% level, respectively

 Quitting Mid-Match

Additional control variables, unless explained otherwise in "Description of Robustness Check," include player's rank and its interactions with 
log rank ratio polynomial, opponent's rank and its interactions with log rank ratio polynomial,  player's age and its squared term, prize 
money, match surface fixed effects, tour fixed effects, tournament round fixed effects, tour X round fixed effect interactions, first set score 
fixed effects, and year fixed effects.

Notes. This table only includes players who lost the first set. Standard errors are clustered at the player level.
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In the paper, we focus on log rank ratio as our proxy of relative skill and the continuous 

assignment variable of our RD design. Our results supporting Hypothesis 1 are robust if we replace log 

rank ratio with alternative measures, including rank difference and rank ratio (Models 10 and 11 in Table 

C1 above). We present plots of the observed likelihood of winning a match, number of observations, and 

observed quitting rates as a function of rank difference (Panels A-C in Figure C1) and rank ratio (Panels 

A-C in Figure C2). Rank difference and rank ratio do not have a continuous relationship with winning 

likelihood at the rank equality threshold. Specifically, we run the same regression as described Model 1 in 

Table B1 to predict winning - an indicator variable that takes on a value of 1 when a player wins a match 

and 0 otherwise, except that we replace log rank ratio with rank difference (or rank ratio). As shown in 

Models 1 and 2 in Table C2 below, the favorite indicator remains a significant predictor of winning 

likelihood even when we control for a fourth-order polynomial of rank difference (Model 1) or rank ratio 

(Model 2). This is why we chose to focus on log rank ratio in our paper.  

  

Outcome Variable
Model 10 Model 11

Favorite Indicator 0.0042*** 0.0048***
(0.0007) (0.0007)

Rank Difference 9.54E-06**
(3.22E-06)

Rank Difference^2 4.76E-09
(4.49E-09)

Rank Difference^3 -1.43E-11**
(4.83E-12)

Rank Difference^4 -7.05E-16
(3.52E-15)

Rank Ratio -1.96E-05
(0.0001)

Rank Ratio^2 3.40E-07
(1.58E-06)

Rank Ratio^3 -1.96E-09
(5.39E-09)

Rank Ratio^4 2.36E-12
(5.75E-12)

Additional Control Variables Yes Yes

Description of Robustness Check Replace log rank ratio with rank difference Replace log rank ratio with rank ratio

Observations 323,683 323,683
R-squared 0.0056 0.0056

*, **, *** denotes significance at the 5%, 1%, and 0.1% level, respectively

Notes. This table reports analyses that exclude matches where two players had identical rankings. Standard errors are clustered at the player 
level.

 Quitting Mid-Match

Additional control variables include player's rank and its interactions with rank difference polynomial (only Model 10), player's rank and its 
interactions with rank ratio polynomial (only Model 11), opponent's rank and its interactions with rank ratio polynomial (only Model 11), 
player's age and its squared term, prize money, match surface fixed effects, tour fixed effects, tournament round fixed effects, tour X round 
fixed effect interactions, first set score fixed effects, and year fixed effects. Player's rank and opponent's rank are perfectly colinear to rank 
difference. Thus, opponent's rank and its interaction terms with rank difference polynomial are not included in Model 10. 
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Table C2. Ordinary least squares regression-discontinuity models predicting winning the match 

 

 

  

Outcome Variable
Model 1 Model 2

Favorite Indicator 0.1313*** 0.1459***
(0.0051) (0.0062)

Rank Difference 0.0005***
(1.25E-05)

Rank Difference^2 -2.44E-07***
(2.24E-08)

Rank Difference^3 -3.10E-10***
(2.64E-11)

Rank Difference^4 2.94E-13***
(1.69E-14)

Rank Ratio 0.0168***
(0.0026)

Rank Ratio^2 -0.0001**
(4.57E-05)

Rank Ratio^3 2.45E-07
(1.66E-07)

Rank Ratio^4 -1.48E-10
(1.57E-10)

Additional Control Variables Yes Yes

Model Description
Same as Model 1 in Table B1 except that rank difference 
serves as assignment variable

Same as Model 1 in Table B1 except that rank 
ratio serves as assignment variable

Observations 310,844-340,739 across 100,000 samples 310,844-340,739 across 100,000 samples
R-squared 0.0880-0.0957 across 100,000 samples 0.0912-0.0997 across 100,000 samples

*, **, *** denotes significance at the 5%, 1%, and 0.1% level, respectively

Note. This table reports analyses that exclude matches where two players had identical rankings. We report the mean and standard deviations 
of the coefficients from 5,000 bootstrapped samples, and calculate p-values based on bootstrapped standard errors.

Additional control variables include player's rank and its interactions with rank difference polynomial (only Model 1), player's rank and its 
interactions with rank ratio polynomial (only Model 2), opponent's rank and its interactions with rank ratio polynomial (only Model 2), player's 
age and its squared term, prize money, match surface fixed effects, tour fixed effects, tournament round fixed effects, tour X round fixed effect 
interactions, and year fixed effects. Player's rank and opponent's rank are perfectly colinear to rank difference. Thus, opponent's rank and its 
interaction terms with rank difference polynomial are not included in Model 1. 

Winning the Match
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Figure C1. Plots of the likelihood of winning a match, number of observations, and quitting rates as a 

function of rank difference 

Panel A: The relationship between rank difference and the likelihood of winning a match                                                      

 
Panel B: The relationship between rank difference and the number of observations in each bin 

 
Panel C: The relationship between rank difference and quitting rates among players who lost the first set 

 
Note. Error bars represent +/-1 standard error of the mean.  
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Figure C2. Plots of the likelihood of winning a match, number of observations, and quitting rates as a 

function of rank ratio 

Panel A: The relationship between rank ratio and the likelihood of winning a match                                                               

 

Panel B: The relationship between rank ratio and the number of observations in each bin 

 

Panel C: The relationship between rank ratio and quitting rates among players who lost the first set 

 

Note. Error bars represent +/-1 standard error of the mean.  
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Appendix D. Descriptions and Results of Local Linear Regression Models 

It is common in RD analysis to control for high order polynomials of the continuous assignment 

variable (Gelman & Imbens, 2014; Lee & Lemieux, 2010). However, Gelman and Imbens (2014) present 

evidence that estimators based on high-order polynomial models can be misleading and recommends that 

researchers use local linear models on observations close to the discontinuity threshold. In Appendix C, 

we report robustness checks where high order polynomials of the assignment variable are removed from 

the regressions. As additional robustness checks, we discard observations with log rank ratio more than a 

selected bandwidth away from our threshold of zero and estimate a linear function on remaining 

observations whose log rank ratio is near zero (Hahn, Todd, & Van Der Klaauw, 2001), in order to avoid 

the problems of a non-linear relationship between log rank ratio and the decision to quit (Angrist & 

Pischke, 2009; Imbens & Lemieux, 2008). To derive the “optimal bandwidth” around our threshold of 

interest, we performed two sets of calculation.  

(a) We used the final published version of the algorithm developed by Imbens and Kalyanaraman, 

described in Imbens and Kalyanaraman (2012). We chose a rectangular kernel12 and found that the 

optimal bandwidth for our data,	 , is 3.6798. 

(b) We used the algorithm described in the authors’ earlier working paper (Imbens & 

Kalyanaraman, 2009). This algorithm has a few differences from the algorithm described in Imbens and 

Kalyanaraman (2012). We chose a rectangular kernel and found that the optimal bandwidth for our 

data,	 , is 0.4458. The bandwidth we calculated by hand is identical to the output of STATA syntaxes 

(rdob and rd) that follow Imbens and Kalyanaraman (2009).  

We use ordinary least squares regression models to predict quitting, and only include 

observations for which log rank ratio falls within the optimal bandwidth around the threshold based on 

the aforementioned procedure (a) or (b). We include players who lost the first set in a match. Formally, 

our model can be stated as follows, for a target player i in a given match j: 

(1) quitij = α + β1*favoriteij + β2*log(rank ratioij) + β3*log(rank ratioij) *favoriteij + β4*rankij + 

β5*opponent rankij + β6*ageij + β7*ageij
2

 + β8*prize moneyi + δ*Xij + θ*Zj + εij 

                                                            
12 We choose a rectangular kernel because past research suggests that the choice of kernel has little impact on the 
estimation outcomes in practice and “the convenience of working with a rectangular kernel compensates for 
efficiency gains that could be achieved using more sophisticated kernels” (Lee & Lemieux, 2010, p.319; Imbens & 
Lemieux, 2008). Examples of recent research using a local linear regression with a rectangular kernel in the RD 
design include Lefgren, Platt, and Price (2015), Skiba and Tobacman (2015), Dougherty, Goodman, Hill, Litke, and 
Page (2015). Using a rectangular kernel in local linear models amounts to estimating standard linear regressions 
over a window of our selected bandwidth on both sides of the threshold (Imbens & Lemieux, 2008; Lee & Lemieux, 
2010). 
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where  takes a value of 1 when target player i quits in match j, and 0 otherwise. Our primary 

predictor variable is the indicator for being a favorite (vs. underdog). We control for a linear term of the 

target player’s log rank ratio, and include an interaction term between log rank ratio and whether player i 

was the favorite in match j, allowing the relationship between log rank ratio and the probability of quitting 

to vary above and below the rank equality threshold (Imbens & Lemieux, 2008; Lee & Lemieux, 2010). 

In addition, we control for the target player’s rank, his opponent’s rank, the linear and squared term of the 

target player’s age, as well as prize money associated with the tournament in question.  is a vector of 

control variables representing the first-set score from the target player’s perspective. Zj is a vector of 

control variables representing the tournament round, tour, round-tour interaction, court surface, and year 

corresponding to the match j; and εij is the error term. To account for within-player dependence across 

observations, we cluster standard errors at the player level. 

Table D1 reports our regression results and include only observations within the optimal 

bandwidth around the threshold of equal rank (Model 1 based on Procedure (a) and Model 2 based on 

Procedure (b), detailed above). Again, we find that being a favorite causally increases players’ likelihood 

of quitting if they lost the first set.  

 

Table D1. Results from Local Linear Models 

 

 

 

 

 

Outcome Variable
Model 1 Model 2

Favorite Indicator 0.0046*** 0.0039*
(0.0008) (0.0016)

Log(Rank Ratio) 0.0007 -0.0055
(0.0004) (0.0045)

Favorite Indicator X Log(Rank Ratio) -0.0013 0.0086
(0.0008) (0.0062)

Additional Control Variables Yes Yes
Estimated Optimal Bandwith for Selecting 
Matches

Log Rank Ratio is between               -
3.6798 and 3.6798 

Log Rank Ratio is between                   
-0.4458 and 0.4458

Observations 319,645 126,375
R-squared 0.0056 0.0056

*, **, *** denotes significance at the 5%, 1%, and 0.1% level, respectively

 Quitting Mid-Match

Note. This table reports analyses that exclude matches where two players had identical rankings and only includes players 
who lost the first set. Standard errors are clustered at the player level.

Additional Control variables include player's rank, opponent's rank, player's age and its squared term, prize money, match 
surface fixed effects, tour fixed effects, tournament round fixed effects, tour X round fixed effect interactions, first set score 
fixed effects, and year fixed effects.
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Appendix E. Additional Data and Analyses Addressing Risk-Taking as an Alternative Explanation  

    One alternative account is that favorites who are down in the first set try harder to catch up, take 

on more on-court risks, and thus have a higher risk of true injuries, compared with underdogs who are 

down in the first set. To address this concern, we obtained additional match statistics that track the 

number of aces and double faults each player accumulated over the course of the match. This information 

is available for 112,149 men’s professional tennis matches from 1990 and 2016 (data source: 

https://github.com/JeffSackmann/tennis_atp). According to Wikipedia, an ace is “a legal serve that is not 

touched by the receiver, winning the point. In professional tennis, aces are generally seen on a player's 

first serve, where the server can strike the ball with maximum force and take more chances with ball 

placement, such as the far corners of the service box.” That is, aces often happen because players adopt a 

risky serving strategy.  A double fault occurs when a player misses his second serve and thus loses the 

point. According to Wikipedia, players tend to use different tactics on the first and second serves. “The 

first serve is typically struck with the maximum power, skill, and deception the player is capable of with 

the aim of winning the point either outright or on the next stroke, by forcing the receiver into a 

disadvantageous position. The second serve is usually more conservative to avoid getting a double fault, 

and is typically hit with less power or a higher curve.” That is, people tend to try to avoid double faults by 

not adopting risky serving strategies on the second serve. Taken together, we use aces and double faults to 

reflect the overall riskiness of each player’s serving strategies during a match: A larger number of aces 

and double faults suggests riskier behaviors.  

  For this alternative explanation (favorites who are down in the first set try harder to catch up and 

take risks) to drive our result, one assumption has to be true—that is, when losing the first set, favorites 

adopt riskier strategies than underdogs. We examine this assumption using aces and double faults as 

measures of risk-taking. Ideally, we want to test whether favorites accumulate more aces and double 

faults than underdogs when they are down in the first set. Unfortunately, publicly available data do not 

record when each ace and double fault happens in a match. We only know the total number of aces and 

double faults in a match. Our first solution is to test whether favorites accumulate more aces and double 

faults than underdogs in matches where they lose the first set. For each player in each match, we divided 

the number of aces and double faults he accumulated by the total number of games he and his opponent 

completed (to ensure that matches in which a player quit did not have an artificially reduced number of 

double faults and aces). We replaced quitting with aces per game (or double faults per game) as the 

dependent measure in our Regression Specification (1), and we only included players who lost the first 

set. As shown in Models 1 and 2 of the table below, the favorite indicator is not a significant predictor of 
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aces per game or double faults per game, suggesting that for players who lost the first set, being assigned 

favorite status did not lead to more aces or double faults per game than being assigned underdog status.  

Our second solution is to focus on the cases where a player lost the first set and quit right after 

the first set. In those cases, all aces and double faults occurred during the first set, and they therefore 

fully reflect how risky the players’ serving strategies were in the first set when they were losing. As 

shown in Models 3 and 4 in the table below, the favorite indicator is not a significant predictor of aces 

per game or double faults per game. Together, these analyses suggest that favorites who fall behind are 

not taking more risks when serving, which is inconsistent with the assumption the alternative 

explanation relies on. 

    Also, it is important to note that the effect of performance expectations on quitting is significant 

and has a comparable magnitude to the effect observed in our larger, primary data set, regardless of 

whether we control for aces and double faults (Models 5‐8 in the table below). Altogether, our 

additional analyses suggest that the alternative explanation about risk‐taking is unlikely to account for 

our observed effect of being a favorite on quitting.     

 
 

  

Outcome Variable
Aces Per Game

Double Faults 
Per Game

Aces Per Game
Double Faults 
Per Game

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
Favorite Indicator 0.0003 -0.0013 0.0370 -0.0453 0.0038* 0.0039* 0.0039* 0.0038***

(0.0021) (0.0014) (0.0431) (0.0450) (0.0017) (0.0017) (0.0017) (0.0017)
Aces Per Game -0.0206*** -0.0234***

(0.0035) (0.0035)
Double Faults Per Game 0.0551*** 0.0571***

(0.0058) (0.0059)
Additional Control Variables Yes Yes Yes Yes Yes Yes Yes Yes

Matches Included in Analysis

Observations 110,770 110,770 337 337 110,770 110,770 110,770 110,770

R-squared 0.1324 0.0461 0.2553 0.2158 0.0055 0.0070 0.0076 0.0051

Additional control variables include player's rank and its interactions with log rank ratio polynomial, opponent's rank and its interactions with log rank ratio 
polynomial,  player's age and its squared term, match surface fixed effects, tour fixed effects, tournament round fixed effects, tour X round fixed effect interactions, 
first set score fixed effects, and year fixed effects. This dataset does not include information about prize money, so we are unable to control for this variable. 

Those in which the target player 
lost the first set

Those in which the target player 
lost the first set and quit right after 

the first set (without starting the 
second set)

Quitting Mid-Match

Those in which the target player lost the first set

Note. This table reports analyses that exclude matches where two players had identical rankings. Standard errors are clustered at the player level. 
*, **, *** denotes significance at the 5%, 1%, and 0.1% level, respectively
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Appendix F. Trivia Questions Used in Study 213 
 

Questions on the Original Topics 
 

1. Who discovered that electricity could be created by moving a magnet through a wire coil?  
Humphry Davy 
William Thomas Brande 
Isaac Newton 
James Clerk 
Ernest Rutherford 
Clerk Maxwell 
Michael Faraday 
James Wilson 
 
2. Charles Lindbergh flew the first solo nonstop transatlantic flight from New York to what city? 
London, England 
Edinburgh, Scotland 
Dublin, Ireland 
Madrid, Spain 
Rome, Italy 
Paris, France 
Brussels, Belgium 
Berlin, Germany 
 
3. Where does the presentation of the Nobel Peace Prize occur annually? 
Brussels, Belgium 
Berlin, Germany 
London, England 
Paris, France 
Zurich, Switzerland 
Rome, Italy 
Vienna, Austria 
Oslo, Norway 
 
4. Skylab (the United States' first space station) was launched in what year? 
1964 
1969 
1971 
1973 
1974 
1980 
1982 
1988 
 
5. What percentage of the earth’s atmosphere is composed of carbon dioxide?  
Less than 1% 
3% 
5% 
10% 

                                                            
13 Correct answer to each question is in bold.  
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15% 
50% 
75% 
 
6. What is the largest country by land area in Central America? 
Guatemala 
Belize 
El Salvador 
Honduras 
Nicaragua 
Costa Rica 
Panama 
Guatemala and Honduras are the same size 
 
7. If Kevin plans on visiting the three tallest mountains in the world, what continent(s) will he be 
visiting? 
North America 
North America and Asia 
Asia 
Europe 
Asia and Europe 
South America 
South America and North America 
Asia, North America, and Europe 
 
8. Which pair of planets is closest to each other when they are at their closest possible position? 
Venus and Earth 
Mars and Earth 
Jupiter and Mars 
Mercury and Venus 
Mercury and Earth 
Venus and Mars 
Uranus and Neptune 
 
9. What was the first space mission to successfully land on the moon? 
 
Apollo 7 
Apollo 9 
Apollo 10  
Apollo 11 
Apollo 13 
Apollo 15 
Apollo 16  
Apollo 17 
 
10. What do you call the cloud of vapor that surrounds the solid body of a comet? 
Tail 
Nucleus 
Coma 
Jets 
Oort Cloud 
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Pale 
Aphelion 
Osculate 
 
11. Who was the eighth President of the United States? 
John Quincy Adams 
John Adams 
James Monroe 
Thomas Jefferson 
Andrew Jackson 
John Tyler 
James Madison 
Martin Van Buren 
 
12. Which of the following colonies won its independence from France in the mid-20th century?  
Madagascar 
Morocco 
Senegal 
Martinique 
St. Martin 
Guadeloupe 
 
13. What is the belt of low pressure along the equator called? 
Doldrums 
Westerlies 
Isobars 
Polar High 
Polar Low 
Horse Latitudes 
Closed Pressure Centers 
 
14. What was Benjamin Franklin not known for? 
Inventing bifocals 
Inventing the catheter 
Inventing the glass harmonica 
Inventing the lightning rod 
Inventing the odometer 
Inventing the periscope 
Inventing the stove 
Inventing swim fins 
 
15. What former U.S. President was also the first American to win the Nobel Peace Prize? 
John Adams 
Andrew Johnson 
Theodore Roosevelt 
Woodrow Wilson 
Franklin D. Roosevelt 
Dwight D. Eisenhower 
Richard Nixon 
John F. Kennedy 
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16. What is the largest sea on earth? 
Arabian Sea 
South China Sea 
Caribbean Sea 
Mediterranean Sea 
Bering Sea 
Baltic Sea 
Black Sea 
North Sea 
 
17. What was U.S. President Pierce’s first name? 
Zachary 
James 
John 
William 
Andrew 
Joseph 
Franklin 
Millard 
 
18. In which year did St. Louis become the first U.S. city to host the Olympics?  
1900 
1904 
1908 
1912 
1924 
1932 
 
19. In which month did the United Stops drop “Little Boy” and “Fat Man” on Hiroshima and Nagasaki? 
March 1945  
April 1945 
May 1945 
June 1945 
July 1945 
August 1945 
September 1945 
 
20. Where is the famous Serpent Mound? 
The Everglades 
The Great Plains 
Ohio River Valley 
The Superior Upland 
Misquah Hills 
Huron Mountains 
Brockway Mountains 
The Catskills 
 
21. Which battle is known as the great turning point in the Revolutionary War?  
Bunker Hill 
Lexington & Concord 
Long Island 
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Pennsylvania 
Saratoga 
Trenton 
White Plains 
Yorktown 
 
22. When did the polio vaccine, invented by Dr. Jonas Salk, become available to the public?  
1945 
1948 
1950 
1952 
1955 
1958 
1963 
1965 
 
23. Which of the following states does not have any of its land acquired from the Louisiana purchase? 
Colorado 
Illinois 
Minnesota 
Montana 
Nebraska 
New Mexico 
Texas 
Wyoming 
 
24. How many demonstrative adjectives are in the following sentence? "That scruffy dog with the short 
tail chased the multicolored cat through the tree.” 
None 
1 
2 
3 
4 
5 
6 
8 
 
25. What tribe is credited with the invention of the kayak? 
The Mohicans of Northeast U.S. 
The Mohicans of Southwest U.S. 
The Inuit of Canada 
The Inuit of Eastern Canada 
The Algonquins of Eastern U.S. 
The Algonquins of Northwest U.S. 
The Anasazi of Southwest U.S. 
The Anasazi of Southeast U.S. 
 
26. What is the name for an underground passage in a volcano in which lava travels? 
Fissure 
Vent 
Throat 
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Crater 
Parasitic Cone 
Sill 
Conduit 
Flank 
 
27. Who was the first Chief Justice of the U.S. Supreme Court? 
John Jay 
John Rutledge 
Thomas Johnson 
James Wilson 
William Cushing 
John Marshall 
Roger B. Taney 
Salmon P. Chase 
 
28. Mexico is bordered on the south by Guatemala and what other Central American country? 
Nicaragua 
El Salvador 
Costa Rica 
Panama 
Columbia 
Honduras  
Panama 
Belize 
 
29. When was D-Day? 
7/7/1943 
11/7/1943 
4/5/1944 
6/6/1944 
9/7/1944 
12/3/1944 
5/7/1945 
 
30. Which country(s) have a shoreline with the Caspian Sea? 
Iran and Uzbekistan 
Turkmenistan and Uzbekistan 
Kazakhstan and Uzbekistan 
Russia and Uzbekistan 
Bulgaria and Turkmenistan 
Uzbekistan and Iran 
Kazakhstan, Uzbekistan, and Iran 
Turkmenistan, Kazakhstan, and Iran 
 
31. Which of the following U.S. Presidents did not die in office? 
Abraham Lincoln 
Franklin D. Roosevelt 
Grover Cleveland 
James A. Garfield 
Warren G. Harding 
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William Henry Harrison 
William McKinley 
Zachary Taylor 
 
32. In which countries would you find Lake Titicaca? 
Bolivia and Paraguay 
Bolivia and Chile 
Peru and Chile 
Peru and Bolivia 
Peru and Ecuador  
Argentina and Chile  
 
33. Which part of the atmosphere is closest to Earth? 
Mesosphere 
Troposphere 
Stratosphere  
Thermosphere 
Exosphere 
Earthosphere 
Bathosphere 
None of the above 
 
34. Which of the following states is not one of the original 13 colonies? 
Delaware 
Georgia 
Maryland 
Massachusetts 
New Hampshire 
North Carolina 
Rhode Island 
Vermont 
 
35. What is the oldest religion that is still practiced today? 
Buddhism 
Catholicism 
Christianity 
Hinduism 
Islam 
Judaism 
Shinto 
Taoism 
 
36. Who was the sixth President of the United States? 
John Quincy Adams 
John Adams 
James Monroe 
Thomas Jefferson 
Andrew Jackson 
John Tyler 
James Madison 
Martin Van Buren 
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37. In what year was the historical Supreme Court case Brown vs. Board of Education of Topeka”? 
1949 
1952 
1954 
1957 
1962 
1964 
1965  
 
38. Which Frenchmen was the first European explorer to navigate the St. Lawrence River in Canada?  
Jacques Cartier 
Jacques Marquette 
Samuel de Champlain 
Pierre Gaultier 
Jacques Cousteau 
Philippe Petit 
René-Robert Cavelier 
Henri de Tonti 
 
39. Who was the second Chief Justice of the U.S. Supreme Court? 
John Jay 
John Rutledge 
Thomas Johnson 
James Wilson 
William Cushing 
John Marshall 
Roger B. Taney 
Salmon P. Chase 
 
40. Which U.S. amendment made slavery illegal? 
9th Amendment 
10th Amendment 
11th Amendment 
12th Amendment 
13th Amendment 
14th Amendment 
15th Amendment 
16th Amendment 
17th Amendment 
 
41. Under the Dewey Decimal system, which of the following topics would you find listed under 
numbers 600-699?  
Poetry 
Nonfiction 
Engineering 
Drama 
Geography 
Anthropology 
Psychology 
Journalism 
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42. Who was the first American woman to travel into outer space? 
Kathryn Sullivan 
Valentina Tereshkova 
Shannon Lucid 
Eileen Collins 
Judith Resnik 
Sally Ride 
Christina McAuliffe 
Mae C. Jemison 
 
43. In what country would you find Lake Baikal? 
Russia 
Hungary 
Amsterdam 
Austria 
Germany 
Ukraine 
Kazakhstan 
Iran 
 
44. Which famous American thought of 100 different ways to use the peanut? 
George W. Carver 
Ralph Nader 
Edward R. Murrow 
Earl Warren 
Thomas J. Watson Jr.  
 
45. Which US amendment ended Prohibition?  
17th Amendment 
18th Amendment 
19th Amendment 
20th Amendment 
21st Amendment 
22nd Amendment 
23rd Amendment  
 

Questions on the new trivia topics  
 

1. How many pecks are in a bushel? 
2 
2.75 
3.5 
4 
8 
11 
12 
16 
2. In the human body, the adrenal glands are located directly above what organ?  
 
Pancreas  
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Spleen  
Gallbladder 
Kidney 
Thyroid  
Heart  
Small Intestine  
Liver  
 
3. How many cups are in 28 fluid ounces? 
.75 
1.75 
3 
3.5 
4 
6.5 
7 
 
4. Which of the following bones is in the forearm? 
Femur 
Humorus 
Ulna 
Scapula 
Clavicle 
Tibia 
Fibula 
Patella 
 
 
5. What is the atomic number of Boron? 
4 
5 
6 
7 
8 
9 
 
 
6. In Roman myths, what god split open Jupiter’s forehead so Minerva could be born?  
Vulcan 
Mars 
Vesta 
Jupiter 
Juno 
Diana 
Ceres 
Apollo 
Mercury 
 
7. Osiris is married to which Egyptian goddess? 
Horus 
Hathor 
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Ra 
Cleopatra  
Hatshepsut 
Isis   
Bastet  
 
8. Which of the following chemical elements is an Alkali metal or Alkali earth metal? 
Titanium & Magnesium 
Magnesium & Sodium 
Aluminum & Magnesium  
Aluminum & Sodium 
Aluminum & Carbon 
Carbon & Calcium 
 
9. What part of the heart does the Aorta connect to? 
Right Ventricle 
Right Atrium 
Left Ventricle 
Left Atrium 
Pulmonary valve 
Superior Vena Cava 
Inferior Vena Cava 
Mitral Valve 
 
10. What part of a cell contains more than 50 different enzymes?  
Nucleous 
Vesicle 
Cytoskeleton 
Mitochondrion 
Vacoule 
Cell membrane 
Ribosome 
Lysosome 
 
11. In the human body, the gallbladder is located directly below what organ? 
Pancreas 
Spleen 
Stomach 
Kidney 
Thyroid 
Heart 
Liver 
Small Intestine 
 
12. Which of the following animals goes through menopause?  
Dog 
Cat 
Seahorse 
Elephant  
Cow 
Tiger 
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Cow and Chimpanzee  
Elephant and Tiger 
 
13. Which of the following creatures makes the loudest sound? 
Blue whale 
Howler monkey 
Tiger pistol shrimp 
Greater bulldog bat 
Lion 
Wolf 
Coqui frog 
Kakapo 
 
14. What is the sum of all interior angles in an octagon? 
360 degrees 
540 degrees 
720 degrees 
900 degrees 
1000 degrees 
1080 degrees 
1260 degrees 
1440 degrees 
 
15. What is the secant of an angle equal to? 
Opposite/Hypotenuse 
Adjacent/Hypotenuse 
Opposite/Adjacent 
Adjacent/Opposite 
Hypotenuse/Adjacent  
Hypotenuse/Opposite 
1/Tangent 
1/Sine 
 
16. Which of the following chemical elements is a noble gas? 
Boron & Helium 
Hydrogen & Neon 
Helium & Neon 
Oxygen & Nitrogen 
Nitrogen & Neon 
Hydrogen & Oxygen 

 
17. What common organ do ants lack? 
Lungs 
Eyes 
Brain 
Rectum 
Stomach 
Heart 
Nerves 
Legs 
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18. Which of the following animals has multiple hearts? 
Octopus 
Shark 
Cow 
Sea turtle 
Giant coconut crab 
Fruit bat 
Iguana 
Barn owl 
 
19. What part of a cell is responsible for protein synthesis? 
Nucleous 
Vesicle 
Cytoskeleton 
Mitochondrion 
Vacoule 
Cell membrane 
Ribosome 
Lysosome 
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Appendix G. Mediation Analysis and Alternative Explanations for Study 2 

In addition to change in confidence, we also examined participants’ absolute level of confidence 

after the 20th question as a potential alternative explanation, since past research has highlighted on 

confidence judgment as a determinant of persistence decisions (Bandura, 1997; Carver et al., 1979). After 

the 20th question, participants in the middle-school difficulty condition believed that they would be able to 

answer 24.55% of questions correctly going forward if they did not switch topics, which was significantly 

higher than the prediction by participants in the expert difficulty condition (20%), t(302) = 3.14, p = .002. 

In other words, participants facing high external expectations were more confident even after they 

exhibited poor initial performance, compared to those facing low external expectations. This difference in 

confidence should theoretically lead participants facing high expectations to persist longer in answering 

the original set of questions compared to participants facing low expectations. Indeed, the absolute level 

of confidence after the 20th question is a significant and positive mediator of the relationship between high 

(vs. low) performance expectations and persistence when it is examined in a signal-mediator model. 

However, the absolute level of confidence does not mediate the effect of our performance expectation 

manipulation on persistence when it is added into a multiple-mediator model along with embarrassment 

and other potential mediators. More importantly, embarrassment remains a significant mediator (indirect 

effect = -0.78; bootstrapped SE = 0.38; the 95% bias-corrected confidence interval = [-1.74, -0.21]), when 

we control for participants’ absolute level of confidence and other potential mediators. 

 In Table G1 below, we report our mediation analysis involving measures for alternative 

explanations. 
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Table G1. Results of Mediation Analysis  

 

Notes. In a multiple-mediator model (Preacher & Hayes, 2008), we include all potential mediators including 
embarrassment, unfairness, negative affect, and change in confidence (or the absolute level of confidence). In single-
mediator models, we only include the mediator of interest. For example, to test the mediating effect of 
embarrassment in a single-mediator model, we include embarrassment as the only mediator in the regression that 
predicts persistence.  
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