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Abstract

Procrastination, an issue linked to poor performance and decreased well-being, is a pervasive
problem in education. This paper examines the role of commitment and motivation by eval-
uating a program called CollegeBetter.com which acts as a commitment device and monetary
incentive to help college students battle problems of present bias. The zero-sum mechanism
is based off a parimutuel betting market, where students join a pool by placing a monetary
wager on themselves to achieve the pool’s “commitment challenge.” Students who success-
fully commit to the challenge 1) recover their wagers and 2) split losing wagers proportionally.
Through a series of lab and field experiments, I find that students interested in the mecha-
nism were low-achieving, overconfident, self-identified procrastinators, while traditional mea-
sures of time-preferences (3-9) were weak predictors of selection. Across all pools, students
randomly selected to participate were more likely to achieve the commitment challenge than
students who applied for a spot but were randomly excluded. Consistent with loss aversion,
having the student risk their own money is a principal contributor to the effectiveness of the
mechanism.
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1 Introduction

An abundance of studies have documented large, increasing returns to attaining a college de-
gree in the United States (Oreopoulos and Petronijevic, 2013). Despite this, young-adult college
completion rates in the U.S. have been steadily falling relative to other countries. Since 1995, the
U.S. has gone from having the highest young-adult college completion rate among OECD coun-
tries to nineteenth.! This trend is especially alarming given that college attendance rates in the
U.S. have never been higher (Pew Research Center 2014). Thus, more people are entering college
than ever before, but degree completion is lagging, where nearly one in two students who enter
a four-year college ultimately fail to obtain a degree (Page and Scott-Clayton, 2015). Moreover,
the amount of time students take to eventually graduate is also on the rise; since 1972, the average
time-to-degree in the U.S. has increased by nearly a year and a half (National Center for Education
Statistics 2015).

To understand these trends, it is important to identify the factors that could help explain why
students succeed and ultimately graduate from college. An increasing number of studies from
economics and education have focused on presenting causal evidence on various university inputs
that influence undergraduate success, including capacity constraints and resources (Bound et al.,
2010, 2012), professor quality, gender, and race (Hoffmann and Oreopoulos, 2009b; Carrell and
West, 2010; Hoffmann and Oreopoulos, 2009a; Carrell et al., 2010; Fairlie et al., 2014), coaching
and advising (Bettinger and Baker, 2014; Angrist et al., 2009), academic probation (Lindo et al.,
2010), remedial coursework (Martorell and McFarlin Jr, 2011), and teaching assistants (Lusher
et al., 2015).

While economists have primarily focused on university inputs, numerous studies from other
social sciences have investigated the role of student procrastination in explaining undergraduate
success. A meta-analysis from psychologist Steel (2007) suggests that at least 80% of college
students suffer from some form of procrastination, where students continually delay studying or
completing homework until moments before a deadline. Procrastinating students tend to be more
vulnerable to negative consequences such as poor performance and decreased subjective well-being
(Schouwenburg, 2004). Furthermore, potentially contributing to the trends in college graduation,
studies have documented how students are increasingly facing temptations to procrastinate with
the growing popularity of social media sites such as Facebook and Twitter (Knezevic, 2012).

Economists typically think of procrastination as a consequence of present-biased preferences
(Laibson, 1997). Under models with present-bias, an agent’s preferences change over time in

such a way that the agent’s choices become inconsistent between two different points in time. For

'OECD (2014), Education at a Glance 2014, Chart A3.2. Twenty-eight member countries in 2012 were considered
for the study. Young-adult college completion rate is defined as the fraction of 18-25 year olds in the population who
attain a post-secondary degree.



instance, an agent today may decide that it’s optimal to exercise tomorrow; then, come tomorrow,
the agent decides that it is no longer in his best interest to exercise. Under certain circumstances,
the agent could fall into a cycle of continual deferment of costly activities. To help dynamically
inconsistent agents, behavioral economists have focused on the commitment device, a mechanism
which lets an agent restrict his future choice set by making “sub-optimal” deviations more costly
(O’Donoghue and Rabin, 1999). For example, an agent who wants to exercise tomorrow and
recognizes he may reverse his decision could sign a contract to burn $10 if he fails to exercise.
Commitment devices have had varying degrees of success across a multitude of settings, including
rotating savings and credit associations (Gugerty, 2007; Ambec and Treich, 2007; Basu, 2011),
savings accounts (Thaler and Benartzi, 2004; Ashraf et al., 2006; Beshears et al., 2013), exercise
and weight loss (Royer et al., 2015), and smoking cessation (Giné et al., 2010).

This paper investigates the role of commitment in education by evaluating a mechanism that
acts as both a commitment device and monetary incentive for college students. Many interventions
in education have turned toward using monetary incentives as a means to provide an extra moti-
vation for students (see section 2 for background). While extrinsic incentives have occasionally
improved student outcomes, the cost-effectiveness of such interventions is often unclear and am-
biguous. More recent work from psychology and economics has shown that behaviorally-inspired
incentive schemes can have profound effects on educational performance. For example, Levitt
et al. (2016) find that consistent with present bias, rewards had positive effects on primary and sec-
ondary student performance, but only when the rewards were given without a delay. Fryer Jr et al.
(2012) found evidence of loss averse preferences in teachers, where teacher quality significantly
improved when teachers were paid in advance and asked to give the money back if their students
did not succeed, relative to teachers who received a deferred reward.

The mechanism outlined in this paper, called CollegeBetter, is based off of a parimutuel betting
market, where bets are placed together in a pool and payoff odds are calculated by sharing the
pool among all winning bettors.”> With this mechanism, students commit to their own academic
performance by buying into a pool, where each pool has a predefined, common “commitment
challenge”. If a student achieves the pool’s commitment challenge, then the student splits the pot
of money with other students who also achieved the commitment challenge. For example, a pool
could be defined by the commitment challenge “raise your cumulative grade point average (GPA)
by the end of the term.” Students then place parimutuel wagers on themselves to achieve this goal.
Students who fail to achieve the goal do not recover their wager, while those who successfully raise
their cumulative GPAs get to split the pot of money. This mechanism acts as both a commitment

device and a monetary incentive in that those who fail to reach the academic goal forego their

’I am the founder of the CollegeBetter program, which continues to be offered to undergraduates through the
website www. CollegeBetter.com.
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wager, while those who achieve the goal make an expected profit.

From a series of lab and field experiments conducted at the University of California Davis, this
paper 1) measures selection into the mechanism, 2) estimates causal effectiveness, and 3) explores
channels through which the mechanism works. Students interested in the mechanism were more
likely to be low-achieving, overconfident, self-identified procrastinators. Traditional measures of
time-preferences (-0, Laibson, 1997) elicited in the lab via convex time budgets (Andreoni and
Sprenger, 2012) were weak predictors of selection. Students randomly selected to participate (i.e.
treatment students) were more likely to commit to the challenge of improving their cumulative
GPA than students who applied for a spot to participate but were randomly excluded from the pool
(i.e. control students). This increased probability of goal attainment was primarily driven by the
lowest achieving students entering the term, or students who were at the largest risk of being placed
on academic probation.

Furthermore, interesting distributional shifts underline the treatment effects. While students
randomly selected to participate were more likely to commit to the pool’s challenge, the average
difference in GPA between the treatment and control groups was only slightly positive. This is be-
cause, relative to the control group, treatment students received term GPAs that were just slightly
above their prior cumulative GPAs, while a minority of other treatment students got term GPAs that
fell significantly below their prior cumulative GPAs. This first suggests that the achieving students
increased effort just enough in order to reach the threshold for the goal. Meanwhile, the minority of
other treatment students perhaps became discouraged by the goal as the term progressed, highlight-
ing a potentially perverse effect of goal-setting: once an agent believes a set goal is unattainable,
they decrease effort relative to had they never set the goal in the first place.

Finally, through a series of field experiments with additional treatment arms, this paper finds
that commitment, defined as the student putting their own money on the line, is a principle con-
tributor to the effectiveness of the mechanism. For each experiment, a random subset of applicants
were selected to a treatment arm where they 1) were refunded their wager and 2) received the exact
same net monetary benefit as those in the regular CollegeBetter pool for the term if they achieved
the commitment challenge. These students underperformed relative to the students in the regular
CollegeBetter pool, and performed similarly to the control group, suggesting that consistent with
loss aversion, an important component of the success of the mechanism is having students back
their goals by placing their own money on the line.

This paper offers several important contributions to the literature. To my knowledge, this
project is the first to introduce a formal commitment device (i.e. a contract with monetary punish-
ments) to education. In other settings, commitment contracts have helped agents battle problems
of present bias, and so a natural extension is to investigate how formal commitment devices could

benefit procrastinating college students. CollegeBetter is also arguably the first program in educa-



tion to appeal to agents’ loss aversion (Kahneman and Tversky, 1979). In previous studies (e.g.
Levitt et al., 2016; Fryer Jr et al., 2012, see Section 2), subjects were first endowed with the mone-
tary award, and then were threatened to lose the endowment for failing to achieve. One cannot be
certain if these framing effects truly shifted the subjects’ reference points, or in other words, it is
questionable whether the students/teachers in these studies actually felt like they had something to
lose for failing. With CollegeBetter, since students had to put their own money at risk, they could
actually finish the program with less money than had they not participated in the first place. Fi-
nally, and perhaps most importantly, CollegeBetter is extremely cost-effective to implement since
the rewards given to goal-achievers are completely funded by the wagers foregone by those who
do not achieve the goal. Hence, even if concern is drawn on the mechanism effectiveness, the pro-
gram is very unlikely to produce a worse cost-benefit outcome compared to the interventions from
previous studies due to the zero-sum nature of payments. Put broadly, this paper helps to shape
the knowledge of how behaviorally-inspired incentive schemes can be utilized to boost student
performance.

The remainder of this paper proceeds as follows. In the next section, I provide some back-
ground of the relevant literature. Section 3 describes the mechanism. Section 4 introduces the lab
and field experiments that were offered at the University of California, Davis. Section 4 presents

the results. Section 5 concludes. Section 6 discusses concurrent and future experiments of interest.

2 Background

The mechanism outlined in this paper primarily draws inspiration from two branches of re-
search: 1) the commitment device literature from behavioral economics, and 2) the monetary in-
centives and student motivation literature from education. Each subsection below provides a brief

review from these fields of study.

2.1 Commitment Devices

Whether it is to eat healthier, exercise more frequently, or to save money, people are always
setting goals. These goals can be set with a wide range of procedure, from a promise to oneself to a
formal wager with a friend. People also often fall short of their goals. Why do people set, and fail to
accomplish, their goals? Bryan et al. (2010) broadly define a commitment device as an arrangement
a person makes to formalize and facilitate their goals. The purpose of the commitment device is to
assist an agent in fulfilling an intention for future behavior that would otherwise be challenging due
to problems of self-control and present bias. Commitment devices work by restricting the agent’s

future choice set by making certain choices more costly. So long as the agent is at least partially



aware that their future self deviates from what their present-self defines as optimal future behavior
(i.e. a partial sophisticate), then the agent will, on some margin, be willing to pay some cost for the
commitment device (O’Donoghue and Rabin, 1999). Commitment devices need not only involve
economic penalties; for instance, when an individual makes an internal commitment to be healthy,
the individual may feel shame or guilt any time he or she eats junk food.

Examples of informal, ad hoc commitments can be found in many aspects of life, and these
arrangements can be viewed as a type of demand for commitment. The majority of the time, these
informal commitments fail to help the agent achieve their desired outcome. From Gallup (2015),
approximately 58% of smokers would like to quit smoking, and 88% of smokers have made at least
one unsuccessful attempt at quitting. A study from Wiseman (2007) followed 3,000 New Year’s
resolution makers and found that though 52% of the subjects were confident of success, only 12%
successfully accomplished their resolution. Over 60% of adults in the U.S. report having tried to
lose weight at some point in their life, and nearly 20% of these adults report never succeeding in
their attempt(s) to lose weight (Gallup 2011). In education, Ariely and Wertenbroch (2002) found
that students were willing to self-impose deadlines when writing essays, and that these students
performed better than those who did not set deadlines.

The prevalence of these informal arrangements has motivated researchers to better understand
the potential to create markets for more formal commitment contracts. An early study from Thaler
and Benartzi (2004) designed a savings commitment device called Save More Tomorrow (SMarT)
where employees could voluntarily have a portion of their future salary contributed to retirement
savings. Ashraf et al. (2006) introduced a program called SEED (Save, Earn, Enjoy Deposits) via
a bank in the Philippines that offered one of two types of a commitment devices: 1) a savings
account where deposits would only become available on a future date (with no interest), and 2)
an account where deposits would only become available once the account holder reached a certain
level of savings; those who were offered these commitment accounts increased their savings by
80% compared to the control group. Similar to SMarT, Breman (2011) tested a commitment device
across two field experiments that let donors commit to making a future donation; donation sizes
were largest for those offered the commitment device relative to requests for increasing current
donations, and these increases persisted after the commitment period. Giné et al. (2010) introduced
a commitment banking account called CARES (Committed Action to Reduce and End Smoking)
which let smokers recover their account if they passed a urine test for smoking cessation after six
months; over 11% of smokers opened an account, and smokers randomly offered CARES were 3
percentage points more likely to pass the smoking cessation test than the control group. Lastly,
Royer et al. (2015) found long-lasting behavioral changes in exercise behavior when commitment

contracts were combined with financial incentives to attend the gym.
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2.2 Monetary Incentives in Education

There are many reasons researchers in education have been interested in utilizing monetary
incentives to improve student outcomes. Whether it’s because they have time-inconsistent prefer-
ences or are underestimating the returns to school, students may be investing too little effort into
their own education. Through monetary incentives, students can receive an immediate return that
provides an extra motivation to increase effort. Incentives can also be used to motivate parents or
teachers to put more effort into their children (e.g. Glewwe et al., 2010). Overall, incentives have
been shown to work well with improving attendance, with mixed results on effort and achievement.
Unfortunately, even in cases where monetary incentives lead to positive effects, researchers draw
concern about the cost-effectiveness of the program.’ Presented below are just a few studies on
monetary incentives in education.

Studies using incentives to promote attendance have overall been positive. These studies typi-
cally focus on poorer communities due to the higher opportunity costs of attending school. Studies
from Schultz (2004) and Behrman et al. (2005) evaluated a program called PROGRESA in Mexico
which paid families an average of $55 a month for sending their children to school. Angrist et al.
(2002) and Angrist et al. (2006) evaluate two programs in Columbia called PACES and Familias
en Accion which randomly assigned vouchers to cover part of the cost of attending school for ade-
quate amounts of attendance. For these studies, not only were enrollment and attendance boosted,
but so were pass rates and scores on achievement tests. Further evaluation of the Columbia pro-
grams from Barrera-Osorio et al. (2011) found increased enrollment and graduation rates in post-
secondary institutions, as well as positive spillovers onto siblings not receiving the subsidy. On
the other hand, a recent NBER working paper from Visaria et al. (2016) found that attendance and
test scores were negatively affected in an experiment conducted in rural India in response to the
introduction and subsequent removal of a reward scheme for school attendance.

The results from studies on the effects of monetary incentives for academic performance are
more mixed, and often depend on the type of task. A study from Bettinger (2012) examined mon-
etary incentives for better grades in primary schools in Ohio, where students could receive up to
$100; the program had positive effects for math scores, but not for other subjects. Fryer (2011)
conducted a study that distributed $6.3 million in payments to roughly 38,000 students in over
250 schools to find positive returns when incentivizing educational inputs (e.g. attendance, good
behavior, wearing uniforms), while incentives for educational outputs (e.g. grades) were largely
ineffective. Rodriguez-Planas (2012) looked at the effects of the Quantum Opportunity Program,

30ther opponents of monetary incentives in education highlight that monetary incentives could “crowd out” the
underlying, intrinsic motivations that guide educational decisions. While extrinsic incentives have been shown to
occasionally have perverse effects in other prosocial domains (Frey and Jegen, 2001), there is little evidence of negative
crowding-out effects in education.



which offered a combination of monetary rewards and mentoring to high school students for grad-
uating and attending postsecondary school. Angrist et al. (2009) similarly looked at treatments
which combined monetary incentives with mentoring for college students. These programs were
most efficient when incentives were combined with mentoring, perhaps suggesting that mentoring
helps students make goal setting and achievement more concrete. Finally, Levitt et al. (2011) con-
ducted a series of field experiments in a low-performing school district in Chicago which varied
the recipients of the monetary reward (students vs. parents) and the structure of the reward (piece
rate vs. lottery). If the student met the requirements of the program every month, then they earned
an expected value of $400. Average effects of the program were modest, with the largest effects
coming from students on the threshold of meeting the achievement requirements; these marginal
students also saw continued success in school after the removal of the monetary incentives.

More recent studies have drawn inspiration from behavioral economics to improve the effi-
ciency of monetary incentives in education. For example, Levitt et al. (2016) conducted a series
of field experiments across thousands of primary and secondary school students to find 1) both
monetary and non-monetary rewards had positive effects on performance, but only when deliv-
ered without a delay, consistent with hyperbolic discounting, 2) suggestive evidence that rewards
framed as losses were more effective, and 3) non-monetary incentives were considerably more
cost-effective for younger students. Fryer Jr et al. (2012) conducted an across-school experiment
to find improvements in teacher quality when teachers were paid in advance and asked to give the
money back if their students did not succeed, relative to teachers who received a deferred reward.

Overall, there are many promising results presented from these studies to warrant further in-
vestigation on the usage of monetary incentives in education. Perhaps the largest concern, how-
ever, is to not only understand how to make these interventions effective, but also to address cost-
effectiveness. As Gneezy et al. (2011) conclude in their literature review of incentives in edu-
cation, “The results of these experiments are somewhat disappointing: given the relatively small
effect sizes it is not clear that these programs represent the best return on investment. Yet these
are pioneering attempts that did achieve some changes in the investment in education. We see
this as encouraging future research which should concentrate on making the incentives more cost

effective.”

3 The CollegeBetter Mechanism

The mechanism at the center of this paper, called CollegeBetter, is loosely based off the
parimutuel betting market. These betting markets were first introduced in the early 1900s at race-
tracks, and are often used today in betting on sporting events and office pools. With parimutuel

betting systems, bets of a particular type are placed together in a pool, and payoff odds are calcu-



lated by sharing the pool among winning bettors. With CollegeBetter, students place parimutuel
wagers on their own academic success. The mechanism works by first setting up a betting pool
defined by a “commitment challenge”. A student ¢ can join the pool by placing a wager b; on
themselves to successfully accomplish the commitment challenge. Wagers are collected to create a
pot size of B = ) b;. After the defined commitment period is over, university transcripts are used
to verify which students achieve the commitment challenge. Those who do not succeed do not re-
cover their wager b;; those who do succeed get to split the pot B proportionally according to their
wager size. Setting W = >° ;bj where j is an index for students who completed the commitment
challenge, successful student i’s revenue is (& * B) for a net return of (& * B —b;). An unsuccess-
ful student’s revenue is zero for a net return of —b;. Note that if all students successfully complete
the commitment challenge (i.e. W = B), then each student « would simply recover their wager
b; for a net return of 0. Thus, the baseline for this mechanism is the classic formal commitment
device, where an agent’s account is returned for successful commitment.*

For the CollegeBetter experiments discussed in this paper, a pool was set up each term with a
two-part commitment challenge. First, the student had to successfully raise their cumulative grade
point average (GPA).” In other words, the student had to get a term GPA that was higher than the
student’s cumulative GPA entering the term. If the student had no cumulative GPA entering the
term, perhaps because it was the student’s first term at UC Davis, then the student was not eligible
to participate. Secondly, the student had to enroll in a minimum number of units for a letter grade.
This requirement reduces the concern of creating an incentive for the student to enroll in an “easy”
schedule of courses. For simplicity, the wager amount allowed for each pool was fixed across all

participants such that each successful student would receive the same net return.

4 Experiments

Starting with the Winter 2015 quarter, an experimental pool was set up each term at the Uni-
versity of California, Davis. In this paper, a total of five experimental pools will be discussed:
Winter 2015, Spring 2015, Fall 2015, Winter 2016, and Spring 2016.° Experiments across terms

differed in various ways, as described below, in order to 1) measure selection into CollegeBetter,

“In parimutuel betting markets involving sporting events, the manager usually takes a cut of the pool, called the
vigorish, before redistributing the winnings. In all CollegeBetter pools, no vigorish was charged, thus guaranteeing
that students who succeeded would, at a minimum, get their buy-in fee back.

Grade Point Average (GPA) is the primary evaluation measure utilized by U.S. universities for student success.
GPA is calculated by dividing the total amount of grade points earned by the total amount of enrolled units attempted.
More grade points are awarded for higher letter grades (e.g. A = %2 =4.0,A— = % ~ 3.7, F =0).

®Experimental pools continue to run today through the website www. CollegeBetter.com. Section 6 considers alter-
native variations to the CollegeBetter experiments to identify other questions of importance on student motivation and
success. The agreement with UC Davis is to continue running an experimental pool every term through the 2017-2018

school year.
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2) estimate causal effectiveness, and 3) explore the degree to which the monetary commitment
can explain the effectiveness of the mechanism. In all experiments, information about student par-
ticipation was kept private.” The experiments are introduced in subsections below, presented in

chronological order, and are also briefly summarized in Table 1.2

4.1 Winter 2015 - Experiment in Economics courses

To start, one cannot simply let students sign up for a CollegeBetter pool, then compare the
academic performances of students who sign up against those who do not, as this estimate will
certainly suffer from endogeneity bias; those who sign up for CollegeBetter are different in un-
observable ways from those who do not sign up, and these unobserved factors likely correlate
with academic success. Hence, one needs to consider an experiment in order to generate a proper
reference group to compare to the students who do participate in CollegeBetter.

The first CollegeBetter experiment was conducted in January of 2015. Along with a team of re-
search assistants, [ went into several undergraduate Economics courses at UC Davis, described the
CollegeBetter program, and asked students to complete a short survey.” Students who completed
the survey were entered into a raffle to win one of several cash prizes. All survey-takers agreed to
release their academic transcripts at the end of the quarter. The survey included an application to
join the CollegeBetter pool for the term. Recall that the commitment challenge for all experimental
pools required 1) the student to raise his/her cumulative GPA by the end of the term, and 2) to take
a minimum number of units for a letter grade for the term. Students interested in signing up for
the CollegeBetter pool would complete the application and submit a $10 wager on themselves to
achieve the commitment challenge.

Of the 412 students who took the survey, 169 completed an application to join the College-
Better Winter 2015 pool. Then, approximately half of the 169 applicants were randomly selected
to participate in the CollegeBetter Winter 2015 pool, while the excluded half were immediately
refunded their $10 wager. The randomization was carried out after the last day students could
add or drop classes, thereby ensuring that students were not changing the composition of there
classes after observing whether they were randomly selected to participate or not. By comparing
the performance of students who entered the CollegeBetter Winter 2015 pool against those who

wished to enter the pool but were not randomly selected to do so, this experiment can generate an

7Selection into and the effectiveness of the CollegeBetter mechanism would likely be influenced were participation
in the program made publicly available, as prior studies have linked academic success to social interactions and
competitions (Babcock, 2008).

8 All experiments received approval from the Institutional Review Board at UC Davis.

9While I am the sole author of this research project, the experiments certainly would not have been possible without
the assistance of many university administrators and undergraduate research assistants. Thus, at various points in this
paper, I will use “we” and “us” to simply refer to the full team of individuals who helped conduct the experiments.



unbiased point estimate for the causal effectiveness of CollegeBetter for those who sign up for the
mechanism. We can also contrast survey responses of those who completed the application against
those who did not to predict selection into CollegeBetter. See Appendix A.1 for a complete list of

survey questions for the Winter 2015 experiment.

4.2 Spring 2015 - Experiment brought online

Following the Winter 2015 experiment, the website www. CollegeBetter.com was launched pri-
marily to improve the efficiency of the signup process. Through the website, students could
complete an application to join the CollegeBetter Spring 2015 pool and submit their $10 wager
electronically via credit card, PayPal, or Venmo. Students completing the application were also
required to email us a receipt of their preordered university transcript to be sent at the end of the
Spring 2015 term. Applications were accepted until the last day students could add or drop classes.
Then, similar to the Winter 2015 experiment, approximately half of the applicants were randomly
selected to participate, while the remaining half were excluded from the pool and were refunded
their $10 wager. For this pool, www.CollegeBetter.com was promoted through emails sent to stu-
dents enrolled in Economics courses for the term. Again, this experiment helps to generate an
unbiased estimate for the effectiveness of CollegeBetter. A total of 77 students fully completed the

online application.'”

4.3 Fall 2015 - Time-preference elicitation, commitment, & loss aversion

For the Fall 2015 CollegeBetter experimental pool, signups continued online in similar man-
ner to the Spring 2015 experiment, except a few small edits were made. First, the wager amount
was increased to $20. Second, student applicants would, after reading a terms and conditions
form, provide an online signature agreeing to release their university transcripts; this substantially
simplified the overall application process. Third, recruitment was no longer restricted to email-
ing students enrolled in Economics courses. After the success of the Winter 2015 pool in Eco-
nomics courses, the UC Davis Institutional Review Board granted us permission to send emails to
faculty and advisers across all UC Davis departments asking them to forward information about
www. CollegeBetter.com to their students.

Furthermore, two major additions were included in order to (1) predict selection into College-

Better as a function of elicited discount rates and present-bias (9, 5) and beliefs about the monetary

19The Spring 2015 experimental pool had the fewest number of subjects primarily due to incomplete applications,
where many students failed to send us a receipt of their pre-ordered university transcript. This component of the
application was altered in the subsequent Fall 2015 term.
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returns to accomplishing the commitment challenge, and (2) identify the importance of commit-
ment and loss aversion for CollegeBetter participants.

For (1), we recruited 120 undergraduates at UC Davis to participate in a laboratory experiment.
The lab experiment was advertised as a decision-making experiment where subjects would earn
money based on decisions made on a computer screen in a lab. In this lab experiment, similar
to the experiments conducted in the Economics courses in Winter 2015, students were first given
information about the CollegeBetter pool for the term. After accepting or rejecting the invitation
to sign up at www.CollegeBetter.com, students completed a survey of questions intended to elicit
beliefs about the monetary returns to participating in CollegeBetter, as well as the student’s time
preferences and propensity to be present biased.

Students’ time preferences were elicited through the Convex Time Budget (CTB) method in-
troduced by Andreoni and Sprenger (2012). With the CTB method, one can easily identify time
discounting and utility function curvature at the individual level, given simple structural assump-
tions. Importantly, the design also tests for individual present bias and hyperbolic discounting, and
as discussed in the Section 2.1, these are factors that economists typically link to procrastinating
behavior and demand for commitment. During the survey, students faced a series of allocation
problems, where each allocation problem was characterized by dividing a number of cash-valued
tokens m between period ¢ and period ¢ + k. The relative cash-value of the token in period ¢ + k
versus period ¢ was determined by an interest rate . Each allocation problem differed by ¢, ¢ + &,
and r. Variations in k£ and r help identify discounting and utility function curvature, while varia-
tions in ¢ identify present bias. In short, for each allocation problem, subjects are maximizing some
assumed utility function U (¢, ¢4 ) subject to the convex budget set (1 + 7)c; + o, = m. At
the end of the lab experiment, one allocation problem was executed at random to determine each
subjects payment.'! Table 2 captures the 45 different allocation problems each subject faced.

Eliciting a student’s expected monetary returns to participating in CollegeBetter requires es-
timating two parameters: the student’s belief about the monetary return to succeeding, and the
likelihood the student him or herself succeeds. To estimate the former, we simply asked subjects
“How much money do you predict each winner of CollegeBetter will earn, net of the $20 buy-in?”
and incentivized the question by awarding $15 to the subject for guessing within $0.15 of the true
net earnings of participants at the end of the term. There are several ways to proxy for a student’s

beliefs about their own likelihood of success. Objective measures include the number of units the

"1Other measures were taken in order to equalize the subjects’ costs of receiving payments in period ¢ verses period
t+k (See Andreoni and Sprenger, 2012, for further discussion). For example, we sent two small participation payments
of $2.50 in both period ¢ and period ¢ + k, regardless of the subjects choices, and added the experimental earnings
from the CTB mechanism to these two participation payments. This eliminates any convenience the subject may gain
by concentrating tokens into one period, since two payments would be sent regardless. Payments were instantly wired
to students’ account via PayPal or Venmo.
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student enrolled in for the term. We also included questions in the survey such as “How diffi-
cult is your course load this quarter compared to previous quarters? More/As/Less difficult.” See
Appendix A.2 for a complete list of survey questions from the Fall 2015 lab experiment.

For (2), to identify the importance of commitment and loss aversion for CollegeBetter partici-
pants, we included an additional treatment group to the baseline design. So, for the Fall 2015 term,

applicants were randomly assigned to one of three groups:

(a) Control group: student refunded $20 wager and excluded from the CollegeBetter pool
(b) Treatment group: student entered into the regular CollegeBetter
(c) Treatment group: student refunded $20 wager and told they would receive same net winnings

as (b) for successful commitment

Thus, those in treatment group (c) received the same net monetary benefits, conditional on accom-
plishing the goal, as those in treatment group (b), but did not have to commit their own money into
the pool.'? During the application period, students were not made aware of treatment group (c);
this is important in order to keep focus on the same population of students who were solely inter-
ested in CollegeBetter, and not pick up a subset of students who were motivated by the possibility
of making money while avoiding the $20 wager.!* So long as the effect of formal commitment,
defined as losing money for failure to achieve the goal, is additively separable from all other com-
ponents entering the CollegeBetter production function (e.g. monetary incentives), the difference
in performance between the two treatment groups (b) and (c) captures the effect of the monetary
commitment; this is because (c) encapsulates everything captured in (b) with the exception of the
student having their own money on the line to lose. Furthermore, the difference between the treat-
ment group (c) and the control group (a) can reveal the effect of monetary incentives on student
performance, and can provide results that are easily comparable to the previous interventions seen
in education (Gneezy et al., 2011). A total of 247 students completed an application, and these

students were split evenly across the three groups - 83 in (a), 82 in (b), and 82 in (c).

4.4 Winter & Spring 2016 - Further identification of commitment

Finally, the Winter 2016 and Spring 2016 experimental pools were used to further identify the

importance of having CollegeBetter participants putting their own money on the line. Applications

12For example, suppose 100 students were selected into treatment group (b). This would create a pot size of $20 x
100, or $2,000. If 60 of the 100 students successfully committed to the challenge, then each student in treatment group
(b) would take home $2,000/60, or $33.33, for a net gain of $33.33-$20=$13.33. Each student in treatment group (c)
then would also take home $13.33 if they successfully accomplished the commitment challenge.

13 Applicants who were randomly selected for treatment group (c) for this experimental pool were told that the group
was a one-time special event that was funded for by the Russell Sage Foundation.
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continued to be offered online through www.CollegeBetter.com. For the Winter 2016 pool, a total
of 247 students fully completed the application, 82 of which were randomly assigned to (a), 82 to
(b), and the remaining 83 to (c).

For the Spring 2016 pool, the control group (a) was removed, so applicants were randomly
selected to either (b) the regular CollegeBetter pool or (¢) the treatment group where the $20 wager
was refunded and the student was told they would receive the same conditional net winnings as
group (b) for accomplishing the commitment challenge. At the start of the Spring 2016 term, an
unexpected email policy change hamstrung our primary recruitment effort. As a consequence, the
decision to remove control group (a) from the Spring 2016 experimental pool was driven by a
desire to maximize power in identifying the importance of commitment and loss aversion. A total

of 141 students completed an application, 70 of which were assigned to (b) and 71 to (c).

5 Results

This paper seeks to answer three questions related to the CollegeBetter mechanism: (1) What
type of students sign up for the mechanism? (2) What is the effectiveness of the mechanism? And
(3) to what degree can the monetary commitment explain the effectiveness of the mechanism?
Results from the experiments are divided according to these three questions in subsections below.
Refer to Table 1 for a summary of which of the three research questions each experiment seeks
to answer. Since experimental pools were set up across multiple terms, students could partici-
pate in multiple experiments. For simplicity, all results presented below only focus on the first

experimental pool each student participated in.'*

5.1 Selection into CollegeBetter

Two of the five experiments help to identify selection into the CollegeBetter mechanism: Win-
ter 2015 and Fall 2015. For the Winter 2015 experiment, a total of 412 students from Economics
courses were invited to apply for a spot in the CollegeBetter experimental pool. Of these 412
students, 169 expressed interest in joining the CollegeBetter pool.

The first two columns of Table 3 display summary statistics by whether the student applied
for a spot in the Winter 2015 pool (“Yes” vs. “No” under “Interested in CollegeBetter?”), and the

third column calculates whether the difference between interested and uninterested students is sta-

“Understanding the potential long run impacts of CollegeBetter on student selection and success is an interesting
research question. Unfortunately, the university did not agree to provide transcripts for students beyond the term they
participated in the experiment. Thus, I only observe grades across terms for students who signed up for multiple exper-
iments. Focusing on the first experimental pool for each student removes any potential long run effects confounding
the estimates, and thus, results can be interpreted as the contemporaneous effect of CollegeBetter on student outcomes.
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tistically significant across each covariate. For instance, students interested in CollegeBetter had
significantly lower cumulative GPAs entering the Winter 2015 term (2.947) than students who did
not apply for a spot in the CollegeBetter pool (3.244). This directly implies that students interested
in the mechanism are lower-performing, and perhaps underachieving relative to their belief about
their true ability. Gender is also a significant predictor of selection, where 58.6% of CollegeBetter
applicants were male compared to just 41.7% of non-applicants. Applicants were also significantly
more likely to agree with the statement “I often start studying for exams too close to the exam date
such that I feel regret,” providing some suggestive evidence of sophistication and demand for com-
mitment against present bias (O’Donoghue and Rabin, 1999). Finally, CollegeBetter applicants
shared beliefs that the fraction of CollegeBetter participants that would successfully commit to the
goal was relatively high.'> At the bottom of Table 3, I regress an indicator for whether the student
applied for CollegeBetter on the full set of covariates to find that the estimated coefficients are
jointly significant, and that there is little concern for multiple hypothesis testing.

In the Fall 2015 term, 120 students in a lab experiment were invited to join the CollegeBetter
program for the term, 57 of which completed the application online. Then, the students completed a
survey of questions, including a series of 45 Convex Time Budget (CTB) allocation decisions (An-
dreoni and Sprenger, 2012). Given simple structural assumptions on the utility function and the
nature of discounting, each student’s time preferences, present bias, and utility function curvature
were estimated using the student’s responses to the CTB allocation decisions. Similar to the ma-
jority of experimental studies on time preferences, my primary analysis assumes a time-separable
constant relative risk aversion (CRRA) utility function with quasi-hyperbolic discounting (Strotz,
1955; Phelps and Pollak, 1968; Laibson, 1997),

1 1
Ule, cipr) = E(Ct)a + 55ka<ct+k)a, (D

where « is the CRRA curvature parameter, ¢ is the one-day discount factor, 3 is the present bias
parameter, and c¢; and c;,; correspond to the subject’s experimental token allocations. Nested
within this quasi-hyperbolic function is the classic exponential discounting model when g = 1.
The individual is said to be present-biased when 3 < 1, and 3 does not enter the utility function
for ¢ > 0. Present-biased agents of the quasi-hyperbolic model are often used by economists to
rationalize settings where individuals continually delay activities with short-run costs and long-

run benefits, such as with procrastinating college students. Maximizing (1) subject to the convex

15Students’ beliefs were elicited with the following survey question: “Make a guess! What fraction of students who
participate in CollegeBetter will accomplish the goal of raising their cumulative GPA? Whoever guesses closest to the
true success rate will win $50 at the end of the quarter.”
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budget set (1 + r)c; + ¢ = m yields the demand function
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Each individual’s «, 3, and § can be extrapolated when estimating (2) using non-linear least squares
(see Appendix A.3 for more detail).'®

Table 4 presents the results from the Fall 2015 lab experiment, and is laid out in similar fashion
to Table 3. Of all the covariates, only two come up as statistically significant. Roughly 39% of
those who applied for CollegeBetter agreed with the statement that the classes they were enrolled
in for Fall 2015 were more difficult than average, which is significantly lower than the 67% of
non-applicants. CollegeBetter applicants also shared a higher belief that their GPAs would in-
crease compared to non-applicants. Other measured differences in covariates, though statistically
insignificant at levels below 10 percent, reveal interesting aspects about selection. Both measures
of time-preferences (3-9) are very weak predictors of selection. Applicants shared beliefs that the
monetary returns, conditional on succeeding, for participating in CollegeBetter were higher than
non-applicants. Looking at the two survey questions that were significant in the Winter 2015 ex-
periment, we again find that students interested in CollegeBetter were more likely to agree with
the statement that they procrastinate too much when studying for exams, but the sign on gender
reverses; in the Fall 2015 experiment, females were more interested in CollegeBetter than males.

Coupling the results from these two experiments, one can make some fairly definitive conclu-
sions about the channels of selection into the mechanism. Interested students are poorer performers
overall (lower GPAs) who are confident that they can raise their grades. This suggests that inter-
ested students are those who believe that their prior poor performance cannot be explained by
something “permanent” that is inherent to the student, such as a lack of ability. Instead, these
students perhaps lacked motivation in prior terms, or had low cumulative GPAs due to “bad luck”
in prior terms. Note, however, that for both the Winter 2015 and Fall 2015 experiments, years
spent at UC Davis do not predict selection; if “bad luck” were the primary driver of selection,

then one would assume younger students (e.g. Freshmen) would be more likely to apply since

160ne drawback with using NLS is that without additional distributional assumptions, it cannot account for cen-
sored data issues built into corner solutions. Additional analyses considered that are omitted from this paper include
1) alternative utility function assumptions including CARA and CRRA with various Stone-Geary parameters and 2)
estimation of the derived tangency condition from maximizing equation (1). Appendix Table A.l presents distribu-
tional statistics on elicited parameter estimates for this study and the Andreoni and Sprenger (2012) study. Appendix
Table A.2 reports elicited time preferences and present bias parameters for each individual subject.
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their cumulative GPAs would be more adversely affected by a negative shock, while older students
(e.g. Seniors) would not sign up since their cumulative GPAs are weighted across many terms of
enrollment and thus would not be influenced by a bad term.

Meanwhile, the evidence of selection due to commitment is mixed. On one hand, applicants
are more likely to be self-identified procrastinators, but on the other, lab elicited present bias 3
does not predict selection, which either suggests commitment is not a driver of selection, or that
the students are underestimating the extent to which they need commitment to battle their self-
control problems (i.e. naifs from O’Donoghue and Rabin, 1999). Alternatively, as the literature on
time preference elicitation is still growing, there could simply be a disconnect between lab-elicited
present bias via Convex Time Budgets (Andreoni and Sprenger, 2012) and actual procrastination
in real-life effort (e.g. Augenblick et al., 2015)."7

5.2 Effectiveness of CollegeBetter

In order to identify the causal effectiveness of CollegeBetter, we can simply compare the per-
formance of students who applied for a spot in the CollegeBetter pool and were randomly selected
to participate against those who applied for a spot but were randomly excluded from the pool. Each
of the Winter 2015, Spring 2015, Fall 2015, and Winter 2016 experiments have a group of students
who participated in CollegeBetter and a control group, allowing for the opportunity to measure the

effectiveness of CollegeBetter.

Balance test

To start, I want to first ensure that the experiment is balanced across covariates. That is, |
test whether there are any statistically significant differences in observable characteristics between
the treatment groups (applicants randomly selected to participate) and control groups (applicants
randomly excluded from the CollegeBetter pools) in order to address any potential concerns of
unobservables that correlate with assignment and student outcomes. To do this, I utilize the Winter
2015 experiment since each student who completed an application also completed the survey of
questions administered in Economics courses.'® The final three columns of Table 3 display average
student survey responses by group and calculate whether the difference between the treatment and

control group is statistically significant for each survey response. Two of the 14 characteristics

17A recent NBER working paper provides a thorough discussion on time preference elicitation with monetary
decisions versus time-dated consumption and effort, and explains why variations in monetary decision experiments
could be driven by factors other than underlying time preferences (Cohen et al., 2016).

8For the Spring 2015, Fall 2015, and Winter 2016 pools, the only student characteristics I observe correspond to
information on the students’ transcripts (e.g. class-standing, previous GPA). On these covariates, I find no statistically
significant differences between the treatment and control groups.
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come up as significant at the 90% level; applicants randomly accepted into the CollegeBetter pool
were less likely to be an international student and more likely to agree with the statement “I wait
until the last second to buy gifts (birthday, Christmas, etc.).” Given the testing is done across a
multitude of variables, these two variables could have come up as significant merely by chance.
At the bottom of the final column of Table 3, the F'-statistic and p-value are reported from a test
for whether the coefficients are jointly equal to zero from a regression of an indicator for whether
the applicant was randomly selected to participate on the full set of student observables. With a
p-value of 0.873, I fail to reject the null hypothesis that the coefficients are jointly equal to zero
and conclude that the Winter 2015 experiment is well balanced.

Main results - commitment challenge completion rates

Next, I combine the results from the Winter 2015 experiment with the remaining experimental
pools (Spring 2015, Fall 2015, and Winter 2016) into one figure to evaluate the effectiveness of
CollegeBetter. Recall that for these latter three terms, the experimental pools were carried out
online via www.CollegeBetter.com, where students could apply for the term’s pool by providing
identifying information and their parimutuel wager. For the Winter 2015 and Spring 2015 pool, the
wager amount was $10, while for Fall 2015 and Winter 2016, the wager amount was $20. Figure
1 presents mean commitment challenge completion rates by experiment and by treatment group.
I find that for all four experiments, students randomly selected to participate were more likely to
achieve the commitment challenge (raise cumulative GPA while enrolling in sufficient number of
units) than students who applied for a spot in CollegeBetter but were randomly excluded. When
the results across all four experiments are pooled together, such that each student gets equal weight
irrespective of term, I find that treatment students were nearly nine percentage points more likely
to achieve the commitment challenge, and this estimate is statistically significant at the five percent
level.

Taking a step back from evaluating differences in relative performance, and looking strictly
at the levels of performance by treatment group, I find some additionally interesting results. For
instance, the mean commitment challenge completion rate of the control group (students who ap-
plied for a spot but were randomly excluded) was under 50%. That is, less than half of the students
who wanted to place a wager on themselves, but were not randomly selected to do so, actually
raise their grades.'” Couple this result with the selection story from Table 4 in the previous re-
sults section, where CollegeBetter applicants were very confident about their chances of raising

their grades for the term, and what is left is a severe disconnect between the students’ percep-

Tn separate work I've done for UC Davis looking at time-to-degree, I find that students’ grades tend to trend
upward through their time at Davis (e.g. Seniors tend to get higher grades than Freshmen). This trend is also true for
the population of students who select into CollegeBetter.
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tion of their likelihood of increased future performance and their actual subsequent performance.
Simply put, students who sign up for the mechanism are, on average, overconfident, and tend to
overestimate their own likelihood of succeeding.

Turning to the treatment group, the mean commitment challenge completion rate was roughly
56%, so successful committers pocketed nearly an 80% net return on their Wager.20 Still, for the
$20 buy-in group, this amounts to a mere $16 of net profit. Consequently, the mechanism becomes
a $20 loss for failure and a $16 gain, in expectation, for successful commitment. Overall, the
estimated positive treatment effects are extremely promising, particularly when considering, ex
post, how the stakes correspond to an under-$40 changing of hands.?!

Figure 2 shows that the increases in commitment cannot be explained by treatment students
taking fewer units and, consequently, enrolling in an easier course load. Though I carried out the
randomization after the last day students could add or drop courses, students could feasibly partake
in other extreme methods to drop their courses.?? I find that treatment students enrolled in fewer
units in only two of the four experiments, and that for these two experiments, the differences in
mean number of units are statistically insignificant (p-values of 0.77 and 0.90 for Spring 2015 and
Fall 2015, respectively). Treatment students in the Winter 2016 experiment enrolled in statistically
significantly more units on average than the control students (p-value=0.09), suggesting, if any-
thing, that treatment students maintain a more difficult course load in order to ensure they meet the
minimum unit requirement for the commitment challenge. When pooling the students across all
four experiments, I find no statistically distinguishable difference between treatment and control
students in mean number of enrolled units.

Similar to Figure 1, Figure 3 presents mean commitment challenge completion rates by term
and by treatment group for the sample of students who had cumulative GPAs of 2.50 and lower
entering the term. Students in this GPA are at a heightened risk of being placed on academic pro-
bation since they average more letter grades of C’s, D’s, and F’s than B’s and A’s. I find that the
treatment effects are largely driven by this subsample of students. That is, the poorest performing
students who were randomly selected to participate significantly outperform the poorest perform-
ing students who applied for a spot but were randomly excluded (65.71% vs. 44.83% success rate).
This result is perhaps unsurprising: those with poorer past performance have mathematically more

margin to achieve the commitment challenge. On the other hand, there are reasons why these stu-

2In pools with equal wagers, a successful student’s net return is equivalent to (% — 1) x 100%), where p is the
proportion of participants who successfully committed (i.e. p = W/B from section 3.)

2I'The relatively large net returns for goal-achievers are also promising with regard to the long run implications of
CollegeBetter. Businesses similar to CollegeBetter that focus on other domains (e.g. exercise) have documented poor
long-run participation rates since nearly all participants succeed, meaning the majority of goal-achievers simply earn
their buy-in back.

22For example, students can receive an “Incomplete” grade at the end of the term if they provide a valid excuse for
why they missed an integral class assignment (e.g. the final exam).
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dents have poor GPAs, one of which could be the disconnect between their perceived likelihood of
positive future performance and actual performance. Furthermore, over half of those in the control
group, though they have a large margin to improve, see their GPAs drop. In total, from Table 3 I
found that poorer performing students were more likely to select into the mechanism, and condi-
tional on selection, Figure 3 shows that lower performing students respond to the treatment, and
so, the mechanism is overall serving those students who are perhaps in the most need of increased

motivation and improved performance.

Average term GPAs and distributional effects

Next, I investigate changes in the magnitude of student GPA in response to participation in the
mechanism. In Table 5, I consider a regression of term GPA on an indicator for whether the student
was randomly selected to participate, while also controlling each student’s pre-term cumulative
GPA, number of term units, and number of pre-term cumulative units. Each column corresponds
to a single regression for an experiment of interest. The top row presents the coefficient on the
indicator for whether the applicant was randomly selected to participate. These regressions suggest
little to no differences in average term performance between treatment and control students. For
the Winter 2015 experiment, treatment students saw a minimal boost in term GPA (0.087), but
for the remaining three experimental pools, treatment students actually experienced slightly lower
average term GPAs than control students. Across all four experiments, estimates are statistically
indistinguishable from zero.?’

The results from Figure 1 and Table 5 may, at first, seem conflicting: How can treatment stu-
dents both (1) be more likely to achieve the commitment challenge of improving their grades and
(2) attain term GPAs that are, on average, only slightly larger than the control group? Figure 4
reveals an interesting story to help reconcile these findings, where I plot smoothed histograms of
the distributions of GPA differential by treatment and control group. That is, for each student,
I subtract the student’s pre-term cumulative GPA from their term GPA, and then plot the esti-
mated kernel density. First, note that significant bunching of GPA differentials occur just above
zero for treatment students; in other words, a significant amount treatment students received term
GPAs that were just slightly above their prior cumulative GPAs. This suggests that achieving treat-
ment students increased effort just enough to reach the threshold for the commitment challenge.
Meanwhile, a minority of other treatment students got term GPAs significantly below their prior
cumulative GPAs relative to the control group. The bunching of GPA differentials around -1 for

treatment students comes from leftward movement in the distribution, where these students would

23 Appendix Figure A.1 plots the corresponding mean term GPAs by treatment group and by term. Table A.4
and Table A.5 present results from regressions where I consider an indicator for whether the student completed the
commitment challenge and the number of units the student enrolled in for the term, respectively, as outcome variables.
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have otherwise had GPA differentials between O and -1, as implied by the distribution for the
control group.?*

To test for whether the difference in the distributions is statistically significant at different parts
of the distribution, I present a series of results from quantile regressions. First, Table 6 shows that
median treatment students had 0.081 larger GPA differentials than median control students, while
the 10" percentile of treatment students saw their GPA differential decrease by 0.131 grade point
units relative to control students. Figure 5 plots the coefficients on a treatment indicator from a
sequential-quantile regression estimated at each decile with 90% confidence intervals. This graph
again shows that a minority of treatment students received sharp, but statistically insignificant,
decreases in their GPAs relative to control students. Meanwhile, the largest treatment gains are ex-
perienced by the third, fourth, and fifth deciles of the distribution, each of which exhibit statistical
significance at least at the 10% level.

These results highlight several potentially limiting effects of CollegeBetter and of goal-setting
in general. Students in the treatment group, upon realizing that the goal was no longer attainable,
possibly decided to decrease effort relative to had the goal not been set in the first place. Further-
more, successful treatment students did not exert additional effort to go above and beyond their
goal, suggesting that the commitment device no longer provided any motivation once the students
reached the threshold.

5.3 Importance of commitment for CollegeBetter participants

Lastly, I turn to the Fall 2015, Winter 2016, and Spring 2016 experimental pools in order
to identify the importance of commitment and loss aversion for students who participate in the
mechanism. Recall that each of these terms included an additional treatment group where appli-
cants were refunded their initial $20 wager, but were given the same monetary incentive as those
who participated in the regular CollegeBetter program, conditional on achieving the commitment
challenge. If students in this additional treatment group perform significantly worse than those in
the regular CollegeBetter mechanism, then one can conclude that commitment and loss aversion,
defined as the student incurring monetary losses for unsuccessful goal attainment, are primary
drivers of student success in the mechanism. If students across these two groups perform roughly
the same, then there must be some other component of the mechanism that is driving the student
success (e.g. monetary gains).

Figure 6 presents the results from these three terms. Recall that students in the Spring 2016
experimental pool were randomly selected to either the regular CollegeBetter group or the non-

monetary commitment group (i.e. there was no randomly excluded group). Across all three ex-

?4The p-value from a two-sample Kolmogorov-Smirnov test (see Conover, 1999) for equality of distribution func-
tions between the treatment and control groups is 0.110.
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perimental pools, I find that those who participated in the regular CollegeBetter group were more
likely to achieve the commitment challenge of raising their GPA than those in the non-monetary
commitment group. In other words, students who put their own money at risk, versus those whose
buy-in was covered by the experimenters, were more likely to succeed. When pooled together, the
mean performance difference between these two groups is seven percentage points (58.9% versus
51.9% commitment challenge completion rate). Note, however, that this difference is statistically
insignificant at levels below 10 percent (p-value of 0.154). From the Fall 2015 and Winter 2016
experiments, we see that students in the non-monetary comitment group performed only slightly
better than the group of applicants who were excluded from the mechanism entirely (51.9% ver-
sus 49.6% commitment challenge completion rate); this difference is statistically indistinguishable
from zero (p-value of 0.678). Thus, the commitment rates of the non-monetary commitment group
were closer to the control group than the regular CollegeBetter group. In total, these results suggest
that commitment and loss aversion are the principle drivers of the success of the mechanism, while

further highlighting only modest effects when solely offering rewards for student achievement.?’

6 Conclusions

Procrastination is a pervasive issue for college students (Steel, 2007; Knezevic, 2012). This
paper centers on a novel mechanism called CollegeBetter.com which draws inspiration from the
commitment device and monetary incentive literatures to help college students battle problems of
procrastination and present bias. The mechanism works by setting up pools which students can
join by placing a monetary wager on themselves to achieve the pool’s “commitment challenge.”
Students who successfully commit to the pool’s challenge recover their wagers and split losing
wagers proportionally. This paper presents results from a series of lab and field experiments to (1)
measure selection into the mechanism as a function of elicited preferences and beliefs, (2) draw
inferences on the effectiveness of the mechanism, and (3) identify channels through which the
mechanism operates.

Demand for the CollegeBetter mechanism is driven by lower performing students who tend
to overestimate their own ability and probability of improving their grade point averages (GPAs).
Meanwhile, the evidence of demand due to commitment against present bias is more mixed: struc-
turally estimated present bias elicited in the lab via Convex Time Budgets (Andreoni and Sprenger,
2012) weakly predicts selection, while students who sign up are more likely to self-identify as pro-
crastinators. The mechanism overall effective: students randomly selected to participate (treatment

students) were more likely to raise their GPAs than students who applied for a spot but were ran-

23Table 7 presents results from a series of regressions to evaluate differences in term GPA from these experimental
pools. Much like the results from Table 5, I find little changes in average GPA across groups.
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domly excluded (control students). This positive treatment effect is driven by the lowest perform-
ing applicants who had pre-term average letter grades of C and lower. One adverse effect can be
seen in the distributions of GPA differentials: while many treatment students allocate just enough
effort to raise their GPAs, a small fraction of treatment students see significant drops in their GPAs
compared to the control group. Through additional treatment arms, I find that commitment, de-
fined as the student putting their own money on the line, is a key contributor to effectiveness of the
mechanism.

Findings from this study make several important contributions to the literature. While commit-
ment contracts have helped present biased agents in a variety of other settings, this paper is the first
to introduce a market for commitment contracts with monetary losses in education. Furthermore,
to the best of my knowledge, CollegeBetter is the first intervention in education to allow for the
possibility that agents lose money for failing to achieve. Prior interventions solely utilized frames
to create loss domains (i.e. agents were first given an endowment, then lost the endowment for
failure to achieve; Fryer Jr et al., 2012; Levitt et al., 2016), while participants in CollegeBetter
could actually leave the program with less money than had they not participated entirely. Hence,
CollegeBetter is arguably the first intervention in education to appeal to agents’ loss aversion, and
the results from the experiments are the first to test the importance of monetary loss aversion on
student outcomes. Lastly, and perhaps most importantly, due to the zero-sum nature of payments,
CollegeBetter represents a program that produces more cost-efficient outcomes compared to earlier
monetary incentive interventions in education.

Finally, the findings from this paper offer key insights and possibilities from a policy stand-
point. In general, the results provide promising evidence that programs that appeal to behaviorally-
inspired concepts can be utilized to significantly improve student performance in a cost-efficient
manner. More specifically, the results suggest that incentive schemes are more likely to be effec-
tive if students have something at risk for failure. Though less-obvious, there are certainly margins
in current programs and policies that can be shifted to include loss components. For instance, in
higher education, programs could alter the delivery of merit-based awards to include sanctions for
poor performance, much like Wisconsin’s Learnfare program for secondary schoolers (Dee, 2011).
Additionally, the way course grades or test scores are framed could plausibly improve student ef-
fort; for example, students could lose points for insufficient performance on various questions.

The CollegeBetter program itself could easily be expanded to numerous universities, as stu-
dents could directly supply their academic transcripts for verification. Ideally, more experiments
would be conducted before considering an expansion of CollegeBetter, particularly on the long

run, potentially distorting general equilibrium consequences of the program. For example, an es-

26 An example of this, though likely not implemented to appeal to loss averse preferences, can be seen with the SAT
exam. SAT takers lose points for incorrect responses, while blank answers result in no points lost or gained.
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tablished presence of CollegeBetter could encourage inefficient shifts in how students allocate their
courses across terms.>’ To identify general equilibrium effects, information must be collected at
the student population level, and not be solely restricted to CollegeBetter participants. Given the
experiments found that lower achieving students were more likely to sign up, and conditional on
selection, lower achieving students were more likely to succeed, CollegeBetter would likely gen-
erate larger positive treatment effects at universities with lower performing students compared to

the UC Davis population.

7 Future Directions

There are many potential extensions of interest for this line of research. As I continue to
present this research to various audiences, I have received numerous suggestions on alternative
commitment challenges, experiments, and mechanism structures, all of which provide interesting
and exciting future avenues to consider. Below I list just a couple additional experiments that [ am

concurrently running, or am planning on implementing in the near future.

7.1 Inputs versus outputs

One consideration is to shift the focus of the commitment challenges from educational “out-
puts” (e.g. grades) to “inputs” (e.g. studying). Under simple assumptions, traditional economic
theory suggests that incentivizing output is socially optimal. While incentives for inputs reduce the
costs of engaging in those particular inputs, incentives for output also act as a price subsidy while
simultaneously allowing the agent to flexibly decide which input from their production function to
engage in. Since students are assumed to choose their inputs (e.g. studying behavior) optimally to
maximize their outputs (e.g. grades), incentivizing outputs will produce an outcome that is at least
as socially optimal as incentivizing inputs.

Contrary to standard economic theory, Fryer (2011) found that incentives for student outputs
were largely ineffective, while incentives for inputs led to both increased engagement in the in-
puts and better grades. While Fryer (2011) provides a list of potential explanations (e.g. noisy
output, students have vague idea of how to produce output), evidence from a job market paper by
Hirshleifer (2015) offers some insight: Hirshleifer (2015) conducted an experiment in India where
individuals with incentivized inputs significantly outperformed those with incentivized outputs,

and found that the treatment effect can be linked to present bias. This result suggests that incen-

?"In an extreme case where a student solely cares about maximizing returns from CollegeBetter, the student would
front-load all of his/her difficult classes and save the easier classes for later terms. Such shifts in course load could
lead to overall decreases in student performance.
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tivizing inputs for students can be relatively more efficient since the incentive helps to alleviate the
sharp short run discount factor 3 that leads to time inconsistency and procrastination.

Hence, setting up CollegeBetter pools with commitment challenges focused on inputs could
prove to be even more effective than those focused on outputs. There are two primary obstacles
to implementing pools with input commitment challenges. First, which inputs should be selected?
In the two aforementioned studies, the inputs of interest were fairly obvious; in Hirshleifer (2015),
students partook in a math computer program that included interactive learning modules (inputs)
and exams (outputs), while in Fryer (2011), students were incentivized to read books (inputs) or
for their performance on reading comprehension exams (outputs). For the general college student
population, the mapping of inputs into outputs is less clear, and so it is not completely obvious
which inputs should be the subject of the commitment challenge. The second difficulty with input
commitment challenges deals with the impracticality of measuring and verifying inputs. For ex-
ample, how can we confirm number of hours a student spent studying? If we introduce or utilize a
setting where we can observe student studying, then already we are influencing the natural environ-
ment in such a way that could merely lead to a substitution effect. For instance, if the commitment
challenge is defined by hours spent in a library, then, on some margin, students would shift their
studying location from their homes to the library.

To investigate the plausibility of input commitment challenges leading to positive outcomes, I
conducted a pilot experiment in a single economics course (the Economics of Education, coinci-
dentally) offered during the 2016 summer session at UC Davis. As the instructor for the course,
not only was I able to observe course outputs (e.g. grades), I could also measure and verify in-
puts (e.g. homework submission). The students’ grades were determined by their performance
on a midterm, a final, and the completion of three out of four homework assignments. I set up
a CollegeBetter pool in this class with the commitment challenge “Complete all four homework
assignments.” Since the course grade was a function of completing only three homework assign-
ments, students who joined this pool committed to exerting effort on a homework assignment that
would have no direct influence on their final grade. Thus, participating students were committing
to an input that would in expectation, all else equal, boost their performance on the final exam.
Still, if participation in the pool distorts behavior away from more efficient inputs (e.g. hours spent
on the homework assignment are less efficient than spending the hours studying at the library),
then CollegeBetter could lead to worse outcomes.

A total of 129 students enrolled in the course, which lasted six weeks. Homework assignments
were due on Fridays during the second, third, fourth, and fifth weeks of instruction. Students had
until the Friday of the first week of the term to complete their application, which was provided
through a Google Form on the course website. Similar the baseline design, those who applied for

a spot were either randomly selected to participate in the pool or randomly excluded and refunded
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their $20 wager. With this experiment, I can test whether an input commitment challenge causally
improves both student inputs (homework completion) and outputs (final grades). Note, however,
that this experiment does not offer concrete evidence on whether a commitment challenge on in-
puts is more efficient than one on outputs. I could compare the relative differences in student
grades between this pilot and the previous experimental pools, but one might hesitate to do this
considering there are unobservable differences in the student population during summer courses
versus the regular school year.

The results from this pilot study are very promising. Students randomly selected to participate
in the pool were substantially more likely to complete all four homework assignments compared
to the control group (83.3% vs. 29.9%). Treatment students also scored statistically significantly
higher grades in the course (raw scores of 72.5% vs. 60.8%). These pilot results, though conducted
on a very specific and small population of students, provides evidence that CollegeBetter can also

work to increase student investment into inputs.

7.2 Formal versus informal commitments

One of the major contributions of this research project is that it is the first to introduce a formal
commitment device (i.e. a contract with monetary punishment) to an educational setting. For
the majority of the previous experimental pools, the punishment for failure to commit was $20.
From the the results Section 5.2, successful committers netted around an 80% return. It is perhaps
surprising that college students are responding so substantively to what amounts to, ex post, not
very large monetary stakes; these students, after all, are spending thousands of dollars to attend
UC Davis.”

On the other hand, there are potentially positive interaction effects between the formal commit-
ment with informal commitments the students are making. As discussed in Section 2.1, informal
commitments, which do not involve economic penalties, are formed by agents in a variety of set-
tings; any time an individual sets a goal and makes a promise to oneself, the individual may feel
shame or guilt for failing to achieve the goal. When an individual signs onto a formal commitment
contract, they are likely to endure additional costs beyond the monetary punishment if they fail
to achieve. With CollegeBetter, students are perhaps not only motivated by the potential loss of
money (formal commitment) and any internal costs (e.g. shame) that come with failure, but also
by potential interactive effects (e.g. student is ashamed they signed up for a costly program and
still failed to commit). Indeed, I find some suggestive evidence of this in the form of participant

testimonials. For instance, one student exclaimed to me that CollegeBetter undoubtedly motivated

ZFor comparison, the size of the monetary incentives seen in the previous literature ranges to as low as in the tens
to as high as in the hundreds of dollars.
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her to perform because she did not want to go home during Spring break and tell her parents that
not only did she get bad grades, but that she had lost money in the process of doing so0.?

Separately identifying these channels is obviously difficult, as the formal commitment and any
interaction effects are defined by the presence of the monetary punishment. Beyond the student
testimonials, alternative experiments to provide additional suggestive evidence center on simply
changing the wager amount and structure. For instance, I could let students endogenously select
their wager amount, and reward them proportionally to their wager amount as described in Section
3. Then, with the same baseline experimental design described in the beginning of Section 4, 1
can compare the treatment effects of those with high monetary stakes against those with smaller
monetary stakes. If the treatment effect for those with high stakes is relatively larger, then I cannot
conclude anything about the presence of interaction effects, since the increased performance could
be driven solely by increased monetary loss aversion, or by both monetary loss aversion and an
interaction effect. However, if the treatment effect for those with high stakes is similar to those
with small stakes, then I can conclude that some interaction effects are at play. This is because,
conditional on estimating positive treatment effects regardless of stakes, the results from Section
5.3 suggest that at least part of the treatment effect is driven by monetary loss aversion. If the
treatment effect does not monotonically increase in the size of the wager, then it must be that the
mere presence of the monetary wager is driving the commitment effect.

I have reached an agreement with the UC Davis IRB to allow for flexible wagers between $20
and $100 for all experimental pools during the 2016-2017 school year. As these experiments are

still ongoing, results are not yet available.

7.3 Single versus multiple threshold commitment challenges

All the presented experiments contained single threshold commitment challenges, where stu-
dents needed to earn a term GPA that was higher than their previous cumulative GPA while main-
taining a certain level of course units. The most attractive feature of a dichotomous commitment
challenge is its simplicity, where the participants form a concrete goal with a relatively clear un-
derstanding of what determines their winnings. A potential drawback to setting a single threshold
commitment challenge is captured in Figure 4, where students who believe they can no longer
reach the threshold may subsequently reduce their effort; furthermore, students who are certain to
reach the threshold will not receive any additional motivation from participating in CollegeBetter.
One can consider including multiple thresholds to the commitment challenge, with corresponding
sizes punishments and rewards, in order to mitigate decreased motivations.

For instance, a pool can be defined by two separate commitment thresholds, “Receive a GPA

2See www. CollegeBetter.com/testimonials for more student testimonials about their experience with CollegeBetter.
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of 2.0 or higher’** and “Raise your cumulative GPA,” where students who complete the first chal-
lenge earn their wager back, and students who complete the second challenge split losing wagers
proportionally. Any student with a pre-term GPA higher than 2.0 who, at some point during the
term, no longer believes they can raise their cumulative GPA will cease to be completely demo-
tivated by CollegeBetter. Unfortunately, even with this simple example, one can identify a major
tradeoff with introducing alternative commitment challenges: any commitment challenge beyond
“Raise your cumulative GPA” will favor students of different inherent ability. In this example,
all else equal, higher ability students will have an easier time achieving the 2.0 GPA. Commit-
ment challenges that are defined by increases in GPA (e.g. raise your cumulative GPA by z units)
could mathematically be unattainable for higher achieving students, thus favoring lower achiev-
ing students. Still, it is an empirical question to investigate whether these alternative commitment
challenges with or without multiple thresholds improve performance. I have an agreement with
the university and the IRB to continue experiments through 2018, and are seeking IRB approval to

flexibly alter the commitment challenges we offer across pools.

30In other words, don’t flunk your classes this quarter.
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Table 2: Allocation problems for Convex Time Budget mechanism

Daily rate Annual rate

t (start date) k (delay) Token budget ag Atk (1+7) (percent) (percent)
0 35 50 $0.19 $0.20 1.05 0.147 65.3
0 35 50 $0.18 $0.20 1.11 0.301 164.4
0 35 50 $0.16 $0.20 1.25 0.64 528.9
0 35 50 $0.14 $0.20 1.43 1.024 1,300.9
0 35 50 $0.20 $0.25 1.25 0.64 528.9
0 70 50 $0.19 $0.20 1.05 0.073 29.6
0 70 50 $0.18 $0.20 1.11 0.151 67.4
0 70 50 $0.16 $0.20 1.25 0.319 178.1
0 70 50 $0.14 $0.20 1.43 0.511 362.1
0 70 50 $0.20 $0.25 1.25 0.319 178.1
0 98 50 $0.19 $0.20 1.05 0.052 20.5
0 98 50 $0.16 $0.20 1.25 0.228 113
0 98 50 $0.13 $0.20 1.54 0.441 286.4
0 98 50 $0.10 $0.20 2 0.71 637.1
0 98 50 $0.20 $0.25 1.25 0.228 113
7 35 50 $0.19 $0.20 1.05 0.147 65.3
7 35 50 $0.18 $0.20 1.11 0.151 67.4
7 35 50 $0.16 $0.20 1.25 0.64 528.9
7 35 50 $0.14 $0.20 1.43 1.024 1,300.9
7 35 50 $0.20 $0.25 1.25 0.64 528.9
7 70 50 $0.20 $0.20 1 0 0

7 70 50 $0.19 $0.20 1.05 0.073 29.6
7 70 50 $0.18 $0.20 1.11 0151 67.4
7 70 50 $0.16 $0.20 1.25 0.319 178.1
7 70 50 $0.14 $0.20 1.43 0.511 362.1
7 98 50 $0.19 $0.20 1.05 0.052 20.5
7 98 50 $0.16 $0.20 1.25 0.228 113
7 98 50 $0.13 $0.20 1.54 0.441 286.4
7 98 50 $0.10 $0.20 2 0.71 637.1
7 98 50 $0.20 $0.25 1.25 0.228 113
35 35 50 $0.19 $0.20 1.05 0.147 65.3
35 35 50 $0.18 $0.20 1.11 0.301 164.4
35 35 50 $0.16 $0.20 1.25 0.62 528.9
35 35 50 $0.14 $0.20 1.43 1.024 1,300.9
35 35 50 $0.20 $0.25 1.25 0.64 528.9
35 70 50 $0.19 $0.20 1.05 0.073 29.6
35 70 50 $0.18 $0.20 1.11 0.151 67.4
35 70 50 $0.16 $0.20 1.25 0.319 178.1
35 70 50 $0.14 $0.20 1.43 0.511 362.1
35 70 50 $0.20 $0.25 1.25 0.319 178.1
35 98 50 $0.19 $0.20 1.05 0.052 20.5
35 98 50 $0.16 $0.20 1.25 0.228 113
35 98 50 $0.13 $0.20 1.54 0.441 286.4
35 98 50 $0.10 $0.20 2 0.71 637.1
35 98 50 $0.20 $0.25 1.25 0.228 113

Notes: Each row represents an allocation problem from the Convex Time Budget mechanism used to elicit individual (/3,0) preferences
(Andreoni and Sprenger, 2012). a¢ and a4 1, represent the value of a token on the earlier and later date, respectively. Variations in k and
r help identify discounting and utility function curvature, while variations in ¢ identify present bias.
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Table 3: Summary statistics from Winter 2015 experiment

Interested in Randomly
CollegeBetter? Entered?
Yes No  Difference  Yes No  Difference
@ 2) 3) (G) &) (6)
Cumulative GPA entering term 2.947 3244  -0.297***  2.925 2.973 -0.048

(0.577) (0.530) (0.058) (0.536) (0.626) (0.090)

Cumulative # units entering term 62.554 60.984 1.569 61.137 64.250 -3.113
(54.034) (50.531) (5.515) (55.243) (52.865) (8.418)

Male 0.586 0417 0.169***  0.604  0.564 0.040
(0.494) (0.494) (0.050) (0.492) (0.499) (0.076)

Years at U.C. Davis 1.922 1.884 0.034 1.901 1.936 -0.035
(1.094) (1.001) (0.034) (1.146) (1.036) (0.169)

Asian 0.615 0.608 0008  0.626 0603  0.024
(0.488) (0.489)  (0.049) (0.486) (0.493)  (0.075)

Employed 0.369  0.411 0.042 0.330 0416 -0.086
(e.g. full-time, part-time, summer job) (0.484) (0.493) (0.050) (0.473) (0.496) (0.075)
International 0.173  0.163 0.009 0.121 0.231 0.110*

0.379) (0.370)  (0.038)  (0.328) (0.424)  (0.058)

Major in College of Letters and Science 0.767  0.767 0.001 0.727  0.813 -0.086
(0.424) (0.424) (0.044) (0.448) (0.392) (0.067)

Made New Years Resolution 0.443 0.443 0.000 0.407 0.487 -.0.080
(0.498) (0.498) (0.051) (0.494) (0.503) (0.077)

Pays bills late 0.743  0.746 -0.003 0.769  0.711 0.059
(0.439) (0.436) (0.045) (0.424) (0.457) (0.068)
Gets easily distracted on internet 0.882  0.842 0.040 0912  0.842 0.070
(e.g. Facebook, Twitter) (0.326) (0.365) (0.036) (0.284) (0.367)  (0.050)
Waits until last second to buy gifts 0.712  0.732 -0.020 0.769  0.645 0.124*
(e.g. Christmas, birthday) (0.454) (0.444) (0.046) (0.424) (0.482) (0.070)
Procrastinates too much 0.772  0.623  0.147***  0.791 0.750 0.041
when studying for exams (0.421) (0.486) (0.047) (0.409) (0.436) (0.065)
Belief about fraction of CollegeBetter 58.938 52238 6.700***  60.044 57.659 2.384
participants that will achieve goal (19.937) (22.109) (2.164) (19.118) (20.897) (3.107)
F-statistc [p-value] from regression of indicator 2.599%** 0.873
for “Yes” on all of the above observables [0.003] [0.575]
Total observations 169 243 91 78

Notes: See Appendix A.1 for a complete list of survey questions. Standard deviations in parentheses in columns headed “Yes” and “No”,
standard errors in parentheses in columns headed “Difference”. One, two, and three asterisks indicate statistical significance at the 10, 5, and 1
percent levels, respectively.
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Figure 1: Effectiveness of CollegeBetter - Mean commitment challenge completion rates

Winter 15 Spring 15 Fall 15 Winter 16 Pooled **
(t=1.29) (t=0.32) (t=0.87) (t=1.28) (t=1.99)

B Randomly excluded [ Randomly selected in

L0
N~

5
1

.25

Portion complete commitment challenge

Notes: Each bar reports the mean commitment challenge completion rate by experimental pool and by treatment
group. 95% confidence intervals are included for each mean completion rate.
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Figure 2: Effectiveness of CollegeBetter - Mean number of enrolled units

Winter 15 Spring 15 Fall 15 Winter 16 * Pooled
(t=0.45) (t=-0.29) (t=-0.13) (t=1.69) (t=0.95)

B Randomly excluded [ Randomly selected in

16
|

12

Number of enrolled term units
8
|

o_

Notes: Each bar reports the mean number of units enrolled for the term by experimental pool and by treatment group.
95% confidence intervals are included for each mean number of units.
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Figure 3: Effectiveness of CollegeBetter - Mean commitment challenge completion rates

(a) Students with < 2.50 cumulative GPA entering term

Jindi

Winter 15 ** Spring 15 Fall 15 Winter 16 * Pooled **
(t=2.13) (t=0.71) (t=0.02) (t=1.89) (t=2.40)

Portion complete commitment challenge
25

(b) Students with > 2.50 cumulative GPA entering term

T

Winter 15 Spring 15 Fall 15 Winter 16 Pooled
(t=0.27) (t=0.00) (t=0.95) (t=0.43) (t=0.91)

B Randomly excluded [ Randomly selected in

.75
|

Portion complete commitment challenge
25
1

Notes: Each bar reports the mean number of units enrolled for the term by experimental pool and by
treatment group. 95% confidence intervals are included for each mean number of units.
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Figure 4: Distribution of Grade Point Average differential

Kernel density estimate

-3 -2 -1 0 1

————— Control —— Treatment

Notes: The density function of GPA differential (term GPA minus pre-term cumulative GPA) is estimated using
kernel density estimation, and plotted separately by treatment (students randomly selected to participate) and control
(students randomly excluded) groups. Epanechnikov kernel used to calculate kernel density estimates.

Table 6: Quantile regressions - Grade Point Average (GPA) differential

GPA Differential
Mean P10 P25 Median P75 P90
Randomly Entered 0.035 -0.131 0.077 0.081* 0.035 0.075
(0.052) (0.108) (0.063) (0.045) (0.058) (0.072)
Constant -0.013 -0.548*** -0.278*** 0.020 0.327*** 0.589***
(0.036) (0.037) (0.045) (0.033) (0.045) (0.047)
Observations 509 509 509 509 509 509
Mean of outcome 0.005 0.005 0.005 0.005 0.005 0.005

Notes: Each column presents results from a single regression. The dependent variable for each regression
is GPA differential (term GPA minus pre-term cumulative GPA). Columns two through six correspond to
quantile regressions to test for effects at the 10t", 25", 50t", 75" and 90" percentiles, respectively. One,
two, and three asterisks indicate statistical significance at the 10, 5, and 1 percent levels, respectively.

40



Figure 5: Decile regressions - Grade Point Average (GPA) differential
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Notes: Each point corresponds to the coefficient on an indicator for whether the student was randomly entered into

the pool from a sequential-quantile regression, estimated at each decile. 90% confidence intervals shaded in gray. The
variance-covariance matrix is estimated via bootstrapping, and includes between-quantile blocks.
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Figure 6: Importance of monetary commitment - Mean commitment challenge completion rates
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Notes: Each bar reports the mean commitment challenge completion rate by experimental pool and by treatment
group. 95% confidence intervals are included for each mean completion rate.
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Table 7: Importance of monetary commitment - Term Grade Point Average (GPA)

Full sample Students w/ < 2.50 Pre-term GPA
F15 W16 S16 All F15 W16 S16 All
CollegeBetter participants -0.008 0.002 -0.001 -0.005 -0.128  0.387**  -0.458 0.023
(0.079)  (0.109) (0.098) (0.059) (0.128) (0.173) (0.369) (0.126)
No Monetary Commitment  0.038 0.001 — 0.011 -0.130 -0.013 — 0.006
(0.096)  (0.096) — (0.062)  (0.171)  (0.208) — (0.135)
Pre-term Cumulative GPA  0.920*** 1.084*** 1.000*** 1.002*** 2.525*** 1.130*** 1.503* 1.578***
(0.089) (0.092) (0.119) (0.059) (0.391) (0.411) (0.719) (0.259)
Term Units Enrolled 0.072***  0.015 0.028  0.042** 0.093***  0.026 0.037  0.065**
(0.026)  (0.029) (0.032) (0.018) (0.021) (0.060) (0.050) (0.031)
Pre-term Cumulative Units ~ 0.001  0.003***  0.003** 0.002***  0.001 0.002  0.008**  0.002
(0.001)  (0.001) (0.001) (0.001) (0.002) (0.002) (0.003) (0.001)
Observations 226 186 140 552 63 51 24 138
Mean of outcome 2.941 2.841 2.972 2915 2.440 2.162 2.114 2.281

Notes: Each column presents results from a single regression. Term GPA is the student’s GPA (on a scale from 0
to 4) for the term. The first two rows correspond to indicators for which treatment group the student was randomly
selected into. For the Fall 2015 and Winter 2016 experiments, students randomly excluded (control students) are the
omitted category to identify the two indicators; for the Spring 2016 experiment, no students were randomly excluded,
so the omitted category is the No Monetary Commitment group. One, two, and three asterisks indicate statistical

significance at the 10, 5, and 1 percent levels, respectively.
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Results Appendix

Table A.1: Individual discounting, present bias, and curvature parameter estimates

Panel A: Results from Lusher (2016)

N Median 5" Percentile 95'" Percentile Min Max
Daily Discount Factor: § 99 0.9999 0.9992 1.0162 0.9982 1.0975
Present Bias: /3 99 1.0003 0.9484 1.2871 0.5604 1.8549
CRRA Curvature: & 99 0.9470 0.5509 0.9986 -0.1226 0.9987

Panel B: Results from Andreoni and Sprenger (2012)

N Median 5th Percentile 95" Percentile Min Max
Daily discount factor: 5 86 0.9991 0.9948 1.0005 0.9902 1.0146
Present bias: B 86 1.0011 0.9121 1.1075 0.7681 1.3241
CRRA Curvature: & 86 0.9665 0.7076 0.9997 -0.1331 0.9998

Notes: NLS estimators from Fall 2015 Convex Time Budgets experiment. Parameter estimation was not achieved for
20 of Lusher (2016) subjects and 11 of Andreoni and Sprenger (2012) subjects.
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Table A.2: Individual estimates from Fall 2015 CTB experiment (Part 1)

Proportions of Response

Subject # Annual Rate B & Interior Zero Tokens Sooner All Tokens Sooner
1 .108 984 976 .07 8 .13
2 .305 973 .902 0 51 49
3 .007 988 959 22 73 .04
4 0 1.003 .999 0 .98 .02
5 0 1.003 .999 0 1 0
6 0 1.003 999 0 .98 .02
7 0 1.003 .999 0 .98 .02
8 -.076 975 947 .38 .6 .02
9 -.076 975 947 0 1 0
10 -.076 975 947 0 1 0
11 .026 1.216 .98 0 .96 .04
12 0 1.003 .999 0 .98 .02
13 -1 1.014 .808 13 .87 0
14 .166 997 .879 0 .53 A7
15 0 1.003 999 0 98 .02
16 -723 1.051 .673 1 0 0
17 182 1.007 982 0 .84 .16
18 -.181 948 901 .64 22 13
19 076 1.855 .963 0 .89 11
20 -917 1.063 551 1 0 0
21 -39 1.026 .887 .33 49 .18
22 =779 1.073 738 1 0 0
23 .299 1.091 812 .16 31 .53
24 -.701 91 .821 .64 .27 .09
25 -.701 91 .821 0 1 0
26 -.019 1.053 .997 .02 .98 0
27 -.998 1.801 -.123 .98 .02 0
28 -.998 1.801 -.123 0 1 0
29 -1 .001 -6.966 .58 42 0
30 134 1.003 967 0 .84 .16
31 134 1.003 967 0 1 0
32 942 1.323 .665 2 18 .62
33 0 1 0 0 0 1
34 0 1.003 .999 0 .98 .02
35 -.369 1.004 .869 1 0 0
36 -1 1.069 .895 .02 .98 0
37 .094 981 928 .58 2 22
38 189 974 939 .16 .6 .24
39 219 1.01 927 33 44 22
40 -.906 999 A7 93 0 .07
41 .206 999 978 0 .84 .16
42 .036 997 .966 2 78 .02
43 321 1.052 92 31 47 22
44 213 1.024 926 0 71 .29
45 0 1.003 999 0 98 .02
46 -.019 1.053 .997 .02 .98 0
47 -.019 1.053 .997 0 1 0
48 -.019 1.053 .997 0 1 0
49 178 1.315 551 .84 0 .16
50 -.688 1.041 733 1 0 0
51 305 973 .902 0 51 49
52 -.704 1.01 761 1 0 0
53 0 1.003 .999 0 .98 .02
54 -.665 1.079 .8 .84 .16 0
55 -571 .885 .841 .56 .36 .09
56 219 978 .924 .04 .6 .36
57 219 978 .924 0 1 0
58 -.03 1.034 .95 0 .89 11
59 -.818 1.101 .583 1 0 0
60 0 1.003 .999 0 .98 .02
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Table A.2: Individual estimates from Fall 2015 CTB experiment (Part 2)

Proportions of Response

Subject # Annual Rate B & Interior Zero Tokens Sooner All Tokens Sooner
61 .304 .99 915 0 .58 42
62 0 1.003 .999 0 .98 .02
63 125 1.056 947 0 8 2
64 -.007 .95 .98 0 .89 11
65 -216 1.022 921 .56 42 .02
66 164 991 914 49 .38 .13
67 206 1.03 .97 0 .84 .16
68 -.403 1.193 78 91 .02 .07
69 -1 .56 239 .96 .04 0
70 0 1.003 .999 0 .98 .02
71 0 1.003 .999 0 .98 .02
72 -213 961 912 31 .53 .16
73 -.187 1.032 .848 .84 11 .04
74 -.019 1.053 .997 .02 .98 0
75 0 1.003 999 0 98 .02
76 -1 .339 -7.557 13 .87 0
77 161 1.015 .964 24 .69 .07
78 -.583 1.287 793 .98 .02 0
79 .198 1.03 969 .16 71 .13
80 -.019 1.053 .997 .02 .98 0
81 -.89 1.147 .645 1 0 0
82 . . . .07 .93 0
83 . . . 0 1 0
84 208 1.005 971 0 .82 18
85 -.383 1 .99 .16 .84 0
86 218 996 937 A1 .6 .29
87 -.085 1.147 916 1 0 0
88 .054 965 .97 0 .84 .16
89 .054 965 97 0 1 0
90 -.354 968 942 .02 .89 .09
91 0 1.003 999 0 98 .02
92 0 1.003 .999 0 .98 .02
93 .336 1.083 .924 0 .69 31
94 .608 1.086 .61 0 11 .89
95 -.394 1.276 .989 .04 .96 0
96 0 1.001 .999 0 .93 .07
97 -.019 1.053 .997 .02 .98 0
98 -.067 1.035 .83 91 0 .09
99 -.067 1.035 .83 0 1 0
100 -.297 998 .822 .96 0 .04
101 0 1.003 .999 0 .98 .02
102 113 966 97 0 .82 .18
103 113 .966 .97 0 1 0
104 0 1.003 .999 0 .98 .02
105 0 1 0 0 0 1
106 0 1.003 .999 0 .98 .02
107 244 997 .893 .56 2 24
108 21 1.017 978 0 .87 13
109 21 1.017 978 0 1 0
110 -.749 968 .804 .96 .02 .02
111 0 1.003 .999 0 .98 .02
112 0 1.003 999 0 1 0
113 -.997 1.282 .149 .82 .07 11
114 111 965 969 .04 18 18
115 673 1.235 .67 0 22 78
116 0 1.003 .999 0 .98 .02
117 0 1.003 .999 0 1 0
118 .004 952 .999 0 .93 .07
119 -.995 .829 .568 1 0 0
120 219 1.013 .964 0 8 2
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Table A.3: Main results from Winter 2015 experiment

Achieve Goal Term GPA Units Enrolled
(1) (2) (3) 4) (5) (6) (7)
Randomly Entered 0.101 0.119 0.038 0.131 0.021 0.283 0.412
(0.078) (0.078) (0.093) (0.083) (0.092) (0.469) (0.547)
X < 2.5 Pre-term GPA 0.337* 0.457** -0.523
(0.176) (0.211) (1.092)
Observations 165 165 165 165 165 165 165
Mean of outcome 0.515 0.515 0.515 2.956 2.956 14242  14.242
Controls X X X X X X

Notes: Each cell reports the coefficient on an indicator for whether the student was randomly entered to par-
ticipate in the program from a regression of one of three outcome variables. “Achieve Goal” is an indicator
equal to one for students who successfully raised their cumulative GPAs by the end of the Winter 2015 term.
“Term GPA” is the student’s Winter 2015 term GPA. “Units Enrolled” is equal to the number of course units
the student enrolled in for the Winter 2015 term. Controls include the full set of student characteristics from
Table 1. Columns (3), (5), and (7) include an interaction between the treatment indicator with an indicator for
whether the student had a pre-Winter 2015 cumulative GPA of 2.5 or lower. Robust standard errors presented
in parentheses. Four transcripts from the pool of 169 interested students failed to process. One, two, and three
asterisks indicate statistical significance at the 10, 5, and 1 percent levels, respectively.
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Figure A.1: Effectiveness of CollegeBetter - Mean term Grade Point Average (GPA)

m_
| I
O_

Winter 15 Spring 15 Fall 15 Winter 16 Pooled
(t=0.39) (t=-0.40) (t=-0.85) (-t=0.65) (t=-0.05)

I Randomly selected in

Term GPA
2
|

B Randomly excluded

Notes: Each bar reports the mean term grade point average (GPA) by experimental pool and by treatment group. 95%
confidence intervals are included for each mean term GPA.
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Figure A.2: Distribution of Grade Point Average differential

(a) Students with < 2.50 cumulative GPA entering term
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Notes: The density function of GPA differential (term GPA minus pre-term cumulative GPA) is
estimated using kernel density estimation, and plotted separately by treatment (students randomly
selected to participate) and control (students randomly excluded) groups. Epanechnikov kernel used
to calculate kernel density estimates.
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Appendix A.1 - Questions from Winter 2015 survey

1. This is the most important question! Would you like to participate in College Better?
-Remember, you must submit $10 of your own cash at the end of class.

-If you do not raise your cumulative GPA by the end of the Winter 2015 quarter, you will lose your
$10.

-In order to raise you cumulative GPA, you must get a GPA in the Winter 2014 quarter that is
higher than your cumulative GPA prior to the Winter 2015 quarter.

-If you do achieve this goal, you will split the pot of money with everyone else who also succeeded
and raised his or her cumulative GPA.

-We will email you instructions about how to claim your winnings in April.

-Note that you will not lose money so long as you raise your cumulative GPA.

e Yes, [ want to participate in College Better for the Winter 2015 quarter

e No, I do not want to participate in College Better for the Winter 2015 quarter

2. What is your gender? e Male e Female

3. What is your race? Check all that apply. e Caucasian e Black e Chinese e Latino/Hispanic e
Japanese e Korean e Other Asian e Hawaiian/Pacific Islander e Other

4. What is your major(s)/minor(s)?

5. In what year were you born?

6. Select the number of years youve attended UC Davise 1 e2e3 04050607 @ 8+

7. If you answered “Yes” in question 1 and chose to participate in College Better, do you think
your participation will influence which courses you choose to enroll in for the remainder of this
quarter? e Yes @ No e I do not want to participate in College Better

8. Have you participated in an economics experiment before? e Yes e No

9. Do you have a job? Check all that apply

e Yes-Full Time e Yes-Part Time e Yes-Summer Job e No

10. Do you pay in-state or out-of-state tuition? e I pay in-state tuition e I pay out-of-state tuition
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11. Are you an international student? e Yes @ No

12. Make a guess! What fraction of students who participate in College Better will accomplish the
goal of raising their cumulative GPA? Whoever guesses closest to the true success rate will win
$50 at the end of the quarter. You do not have to participate in College Better to be eligible for the
$50 prize.

13. Suppose we allowed the buy-in fee to be determined by the student, where the minimum buy-in
would be $5 and the maximum buy-in would be $100, and where payouts are proportional to the
amount of money the student contributed. Students who contributed a larger buy-in would take a
larger cut of the pot, so long as they completed the challenge. Would you participate in this group,
where the goal is to raise your cumulative GPA? If so, how much would you buy-in for?

e Yes o If Yes, how much? e No

14. College Better is currently in the process of being developed into an online program. Are you

interested in receiving emails with more information about College Better in the future? e Yes @ No
15. If you are not participating, please explain why (check all that apply): e I am participating! e
Too expensive. I dont have $10 to commit to College Better o I dont need it ® Even if I do raise
my cumulative GPA, I doubt 11l make that much money e I dont think that I will successfully raise
my cumulative GPA e Other:

For each of the following statements, select the response that best matches you:

16. I often pay bills right at the deadline @ Not me e Like me

17. 1 often get distracted on the internet (Facebook, Twitter, Youtube) when trying to study or be

productive @ Not me e Like me
18. I wait until the last second to buy gifts (birthday, Christmas, etc.) @ Not me e Like me

19. 1 often start studying for exams too close to the exam date such that I feel regret @ Not me e

Like me

20. Did you make a New Year’s Resolution(s) for 2015? e Yes @ No
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Appendix A.2 - Questions from Fall 2015 lab experiment survey

Welcome! This experiment consists of two parts. In the first part, the experimental administrator
Lester Lusher and his assistants will divulge information about a program founded by the De-
partment of Economics at UC Davis called CollegeBetter. Afterward, if you are interested in the
CollegeBetter program, we will give you an opportunity to join for the Fall quarter. If you are un-
interested in CollegeBetter (or signed up for CollegeBetter before coming to today’s experiment),
then you will simply wait for the second part of the experiment. At this point, as you wait for Lester
to describe the CollegeBetter program, click the following link to learn more about CollegeBetter:

www.collegebetter.com

Now that Lester has described the CollegeBetter program, and you have decided whether or not to
join CollegeBetter, please fill out the information below about yourself. Once you complete all the
questions, click ”Continue” and read the instructions for the second part of the experiment. You
may begin the second part of the experiment on your own, or you can wait until Lester describes

the experiment to everyone in the session.

1. Did you sign up for the CollegeBetter Fall 2015 pool? e Yes! 1 did so just now. e Yes, and I did

so before this experiment! e No, I am uninterested.

2. Here’s your first chance to win money! How much money do you think those who succeed in
the CollegeBetter Fall 2015 pool will take home, net of the $20 buy-in?

-If your guess is within $0.15 of the actual amount won by each student at the end of the Fall 2015
term, then you will earn $15! Even those who do not sign up for CollegeBetter are eligible for this

prize.

3. What is the likelihood that your Fall 2015 term GPA will exceed your current cumulative GPA?
(On a scale from 1 - very unlikely to 7 - very likely) e 1e2 0304050607

4. How difficult are the courses you are taking this Fall 2015 quarter? e More difficult than average
e Average difficulty e Less difficult than average

5. What is your gender? e Male e Female
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6. Do you have a job/internship? e Yes @ No

7. How many hours/week to you spend at your job/internship?

8. If you have a job/internship that pays, how much do you earn per hour?

9. Is English your first language? e Yes e No

10. What is your year in school? e Freshman e Sophomore e Junior e Senior e Fifth year+

11. What is/are your major(s)?

12. What College(s) is/are your major(s) in? (Check all that apply) e Letters and Science e Agri-

culture and Environmental Sciences e Biological Sciences e Engineering

13. What best describes your study habits? e I keep up on some classes but cram before exams for

others o I study every day and keep up on classes e I generally don’t keep up on my classes and

tend to cram for all my exams

14. Have you ever pulled an all-night to study for an exam? e Yes - Often e Yes - Not often e Never

15. If you took the SAT, what was your math score?

16. If you took the SAT, what was your verbal score?

17. If you took the SAT, what was your writing score?

18. If you took the ACT, what was your Math score?

19. If you took the ACT, what was your English score?

20. If you took the ACT, what was your Reading score?

21. If you took the ACT, what was your Science score?

22. Do you smoke cigarettes? o Yes @ No
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23. Do you exercise regularly (three or more times per week)? e Yes @ No

24. Do you find that you are able to maintain the body weight that you like? e No I struggle with

my weight e Yes I’'m basically able to control my weight

25. Do you have a credit card? e No and I don’t want one e No but I want one o Yes

26. If yes, what is the estimated balance on all of your credit cards combined?

27. If you pay your credit card bill yourself, each month do you normally: e Pay the balance in

full e Pay the minimum payment e Pay more than the minimum but less than the full balance

28. Do you have a bank account? e Yes e No

29. If you have a bank account, what interest rate do you earn on your bank balances?

30. Do you have a debit card? e Yes @ No

31. How much money would you say you spend in total in an average week?

32. How much money do you spend monthly on rent?

33. How willing are you to take risks in general? (On a scale from 1, unwilling to 7, very willing)
ele2e30d4e050607

34. How patient are you in general? (On a scale from 1, extremely impatient, to 7, extremely
patient) e ] e2e3e4e5e6e7

35. Have you participated in an economics experiment before? e Yes @ No

36. Do you pay in-state or out-of-state tuition? e I pay in-state tuition e I pay out-of-state tuition

37.Are you an international student? e Yes e No

38. Which of the following reflects this statement as it applies to you
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-“I wait until the last second, or am often late, when paying bills” e Not like me e Like me

39. Which of the following reflects this statement as it applies to you
-“I often get distracted on the internet (e.g. facebook, youtube) when trying to study or be produc-

tive” e Not like me o Like me

40. Which of the following reflects this statement as it applies to you
-“I wait until the last second to buy gifts (birthday, Christmas, etc)” e Not like me e Like me

41. Which of the following reflects this statement as it applies to you
-“I often start studying for exams too close to the exam date such that I feel regret” e Not like me

e Like me

42. Which of the following reflects this statement as it applies to you

-“I have trouble getting up in the morning” e Not like me o Like me
43. Did you make a New Year’s Resolution for 20157 e Yes @ No

44. In a lake, there is a patch of lily pads. Every day, the patch doubles in size. If it takes 48 days
for the patch to cover the entire lake, how long would it take for the patch to cover half of the lake?

(Please give your answers in days.)

45. If it takes 5 machines 5 minutes to make 5 widgets, how long would it take 100 machines to

make 100 widgets? (Please give your answer in minutes.)

46. If a baseball and a bat cost $1.10 together, and the bat costs $1.00 more than the ball, how

much does the ball cost?

Appendix A.3 Nonlinear Least Squares (NLS) estimation using

Convex Time Budgets

In the Fall 2015 lab experiment, 120 subjects each completed 45 Convex Time Budget (Andreoni
and Sprenger, 2012) allocation decisions. Assume that each subject 7 makes decisions TS 1,

2,...,45, decisions according to equation (2) with some mean-zero, serially correlated error. More
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specifically, let

(T )

1
W"U””(a”)l }xm if t=0

-1+(1+T)(ﬁ5"’(1+r))<"_1
f(m,r,k,t;ﬁ,é,oz): s

@ (a1)

- } xm if t>0
L _1+(1+r)(6k(1+r))(m) )
such that

cr; = f(m,r kL 3,6, a) + ey

Stacking the 45 allocation decisions for individual 7,
c,, = f(m,r, k. t; 8,6, a) + €.

The vector ej is zero in expectation with (45 x 45) variance-covariance matrix Vj. Then, stacking
over all 120 subjects,
c, =f(m,r k,t;5,0,a) +e.

Assuming that errors are uncorrelated across individuals (but allowing for e;; to be correlated
within individuals across allocation decisions), E(egeg) =0 forj # g. Then, e is zero in expectation
with covariance matrix {2, a block diagonal (5400 x 5400) matrix, with individual covariance

matrices Vj. Defining the criterion function S(m, r, k; 3, 0, «) as the sum of squared residuals,

120 45

S(m,r, k7t75757 Oé) = ZZ(Ctij - f(m7T7 kvt;ﬁyéa Oé))Q,

j=1 i=1
and minimize S(-) using non-linear least squares with standard errors clustered on the individual
level to obtain B 9, &. Stata has a built-in econometrics package that permits the estimation
of individual-level parameters using NLS. 2 is estimated as the individual-level clustered error

covariance matrix.
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