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Abstract

A major hurdle in the pursuit of educational attainment and other long-term goals is
the difficulty in maintaining the required effort over time. One example is the decline in
attendance and engagement among college students over the course of a semester. While
prior interventions have focused on increasing engagement at the start and end of courses,
we argue, both theoretically and empirically, that the critical time falls in the middle when
students are in danger of disengaging due to accumulating effort costs. We conduct a field
experiment in three undergraduate STEM classes at a large Chinese university that randomly
assigns a note-taking task for different lectures to different students, inducing them to engage
with the course content. We find that assigning tasks to low-ability students in the middle
of the term, compared to early or late, significantly improves their attendance, homework
grades, and exam grades. The data also suggest spillovers to performance in other classes.
The improvement in grades predicts 0.5–1.8% higher post-graduation earnings opportunities.
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1 Introduction

A key challenge in the pursuit of educational or other long-term goals is the

difficulty in maintaining the consistent effort required. In university settings,

for example, student attendance and homework submissions tend to fall over

the course of a semester.1 Similarly, exercise and dietary regimens suffer from

high attrition rates (Kuijpers et al., 2013; Vandelanotte et al., 2016), with fit-

ness programs losing up to 50% of participants within the first twelve months

(Dishman et al., 1985). In addiction recovery, a known challenge is the decline

in the effectiveness of standard drug-abuse treatments over time (Petry et al.,

2000; Higgins et al., 2004). Another example is consumer engagement in energy

conservation, where initial efforts to reduce energy usage tend to wane over time

(Allcott, 2011; Allcott and Rogers, 2014).

In all of these domains, researchers and policy makers have explored various

approaches to counteract the declining engagement. In the context of educa-

tion, in particular, strong evidence on the returns to education2 has motivated

researchers to explore many variations in the size and type of monetary and

non-monetary incentives to induce higher engagement and performance.(Gneezy

and Rustichini, 2000; Fryer, 2011; Gneezy et al., 2011; Fryer, 2016; Lavecchia et

al., 2016; Levitt et al., 2016; Clark et al., 2020; Kizilcec et al., 2020). Many of

these studies, however, show muted effects, which is surprising given the intense

search for effective interventions, as discussed in Angrist and Lavy (2009), Clark

et al. (2020), and Burgess et al. (2021), among others.

One aspect that has received less attention in the design of these interven-

tions, whether in the realm of education or in other domains, is the question

1 Such patterns have been documented in undergraduate classes in the US, Denmark, Sin-
gapore, and many other countries, both for in-person (Kassarnig et al., 2017; Yeo et al., 2023)
and online courses (Seaton et al., 2014; Qiu et al., 2016; Ginda et al., 2019; Gong et al., 2021).

2 Card and Krueger (1992) estimate a 7.44% return to education for young cohorts (age
30-39 in 1979) across all U.S. states. The estimated rate tends to be even higher in emerging
economies, for example, 12.7% return to secondary education in China (Chen et al., 2020), and
more than 25% return to upper secondary and tertiary education in African countries (Barouni
and Broecke, 2014).
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of the optimal timing of interventions within longer-term programs. The de-

sign of existing studies typically targets students’ final achievement or the result

of specific tests and milestones throughout the semester. Common educational

measures focus on providing incentives or information at the beginning of a

course, or on remedial sessions at the end.

In this paper, we argue that the timing of educational interventions is of

first-order importance. Rather than relying exclusively on material or teaching

at the beginning or end of a semester, interventions designed to sustain long-term

effort should account for the time when students start to “fall off.” We show

that appropriately timed and pre-announced interventions can induce students

to stay engaged in the course material.

To see why the timing may be important, consider the factors contributing

to the decline in engagement: the increasing difficulty of the course material,

accumulating demands on students’ time over the course of a semester, their

misperceptions of time demands, and procrastination (Fredricks et al., 2004;

Reschly and Christenson, 2012; Skinner and Pitzer, 2012). For any combination

of these factors, the timing of incentives influences their effectiveness. Toward the

beginning of the semester, incentives might not make much of a difference since

students are still in the low-effort or low-friction part of the learning experience.

Toward the end of the semester, incentives might come too late for those students

who have given up on following the course material, and might not affect those

students either who are still engaged as they are intrinsically motivated and able

to handle the course material. An intermediate timing might therefore hold more

promise for an effective intervention, but has not been studied in prior work.3

We first illustrate the importance of timing in a simple theoretical model of

educational investment over time. The model assumes that the cost of engage-

ment (e. g., attending lectures and doing homework) increases over the semester.

If a student starts to miss lectures or does not study the class material, the cost

can become prohibitively high as the class content builds on prior material and

3Most related are studies comparing student performance with and without an intermediate
test or exam (De Paola and Scoppa, 2011; Bangert-Drowns et al., 1991).
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becomes too difficult. The model allows this cost to be higher for some students

(“low ability”) than for others (“high ability”). In this setting, the level of en-

gagement among low-ability students declines over the semester because their

costs increase more than the expected benefit from a good performance at the

end of the term.

We then consider an intervention that induces students to attend a randomly

chosen lecture and engage with the course material. Students incur a utility loss

if the task is not completed. The model illustrates the effects of intervention

timing: If the randomly chosen lecture is too early in the semester, the inter-

vention will have no effect because engagement has not yet started to decline.

If the randomly chosen lecture is in the middle of the semester, the incentive

to avoid the utility loss from not completing the task is strong enough to af-

fect students whose engagement would have dropped otherwise and “get them

over the hump.” Finally, if the randomly chosen lecture is too late, the cost

of staying engaged until the assigned lecture will outweigh the utility loss from

not completing the task. Thus, lecture assignment in the middle of the semester

maximizes student engagement under this framework.

To test these predictions, we implemented a field experi in three undergrad-

uate STEM classes at a large Chinese university in the 2020 Fall semester. In

each of these classes, the instructor announced at the beginning of week 3 that

students would be assigned the additional task of taking notes for one of the re-

maining lectures and of sending their notes to the TAs by the end of the lecture

day. For each lecture, one of the note-takers would be chosen at random to post

their notes in the class WeChat group.

We find that students who were assigned the task during the middle of the

term, compared to earlier or later weeks, showed better engagement in their

education as measured by attendance and homework submissions. “Low-ability”

students (defined as those with below-median pre-intervention GPA), who were

assigned to the middle of the semester also achieved higher exam performance

than those assigned to earlier or later weeks.

The heterogeneity of the treatment effect by ability of the student is impor-
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tant for its implementation in practice. While the intervention did not lower

high-ability students’ performance and one could apply it to all students, it

would be preferable to focus on students whose performance actually benefits

from the intervention for two reasons. First, from a welfare perspective, educa-

tors might not want to impose additional effort costs on students who do not

benefit from the intervention. Second, from a practical perspective, it may not

be possible to assign all participants to the optimal intervention date. If so, an

important question would be how to identify those who would benefit most from

the intervention and those who do not need it, such as the high-ability students

in our setting.

The data also suggests spillover effects. We found that students who were

assigned to the middle weeks also performed better in their other courses during

the same term compared to those who were assigned to other weeks. Finally,

we calculate longer-term effects of the intervention using the Chinese College

Students survey data on labor market outcomes. Our estimates suggest that an

assignment in the middle weeks could improve students’ wage after graduation

by 0.50% to 1.84%.

Our study highlights an important but often neglected dimension of design-

ing an intervention aimed at increasing investment in education: the timing of

the intervention relative to the predicted decline in engagement. Frequently,

interventions are rolled out concurrently with the announcement or start of the

class. Others take place at “crunch time” to prepare students for the final exam.

Our experiment illustrates that, when interventions are announced at the be-

ginning but assignment is delayed to a later time corresponding to the typical

horizon for declining engagement in a given context, students may change their

behavior in the interim in anticipation of the costly task.

Beyond the realm of education, the same mechanism might be applicable to

other domains where repeated effort is required for future benefits (Bryan et al.,

2010).
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Related Literature. Improving student engagement and performance is a

central challenge in education, not only in the US (Rumberger, 2011) but across

the world (see, e. g., Lamb et al. (2015) and Goss and Sonnemann (2017) for

Australia, Kingdon (2007) for India, theCanadian Council on Learning (2007)

for Canada, the South Korean Ministry of Education (2020) for South Korea,

and Li and Lerner (2011) for China). Moreover, researchers have argued that

the problem has worsened over time. For example, Babcock and Marks (2011)

documents that US college students have decreased the time they invested in

studying from 40 hours per week in 1961 to 27 hours in 2003.

In response to this challenge, a large literature has proposed numerous in-

terventions designed to increase learning and learning outcomes. Studies have

analyzed, for example, variations in incentives that combine learning software

and financial incentives (Fryer et al., 2012), the effect of providing information

about the returns to education (Fryer, 2016), tutoring (Jensen, 2010; Fryer and

Howard-Noveck, 2020), or access to peer advising and merit scholarships (An-

grist et al., 2009). Internationally, research has assessed the effect of the Mexican

Progresa program on school attendance (Schultz, 2004), variations in the design

of conditional cash transfers on school attendance in Colombia (Barrera-Osorio

et al., 2011) or awards for the completion of high-school exit exams in Israel

(Angrist and Lavy, 2009). Several of these studies, and many of the studies dis-

cussed above, report limited effects of financial and other incentives on student

learning and educational outcomes. We contribute to the existing studies by

shining a light on a dimension less studied so far – the alignment of the timing

of incentives with the gradual decline in educational engagement over the course

of a semester or school year.

Our emphasis on timing is different from prior analyses of “immediate” ver-

sus “delayed” rewards, e.g., in Gneezy and List (2006); Bellemare and Shearer

(2009); Ockenfels et al. (2015); Gilchrist et al. (2016). We evaluate the effect

of aligning the timing of an educational intervention with the timing of the

engagement decline on individual learning dynamics, both theoretically and ex-

perimentally. A related laboratory experiment by Boosey and Goerg (2020) finds
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that subjects’ output increases when the bonus is paid in the middle instead of

upfront or at the end. However, the proposed mechanism that workers increase

their first-period effort to signal trustworthiness if the bonus is paid in the middle

is orthogonal to the underlying mechanisms we focus on.

Most closely related, De Paola and Scoppa (2011) conduct a randomized field

experiment to test the impact of examination frequency and interim feedback

provision on achievement. Students undertaking the midterm exam perform

better than students who only take the final exam (though high-ability students

benefit more). Di Pietro (2013) examines a natural experiment, in which the

final exam was delayed while the midterm exam remained at the same time,

and estimates a negative effect on students’ academic performance. Via a meta-

analysis, Bangert-Drowns et al. (1991) show that students who took at least one

test during a 15-week term scored about one half of a standard deviation higher

on examinations than students who took no tests. Our study helps crystallize

the underlying mechanism and proposes a way to optimize intervention timing.

The rest of the paper is organized as follows. Section 2 introduces the the-

oretical framework. Section 3 presents our experiment intervention. Section 4

discusses the results, and Section 5 concludes.

2 Model

We introduce a simple theoretical framework to illustrate the role of increasing

effort costs over the duration of a learning activity and to analyze how the effect

of an educational intervention varies depending on its timing.

Consider a semester that lasts one unit of time, t ∈ [0, 1]. At the beginning

of the semester (t = 0), a student plans when to exert effort (et = 1) and when

not to (et = 0) throughout the semester. Academic performance is modeled as a

binary outcome, Bad or Good, realized at the end of the semester (t = 1), with

utilities normalized to 0 for Bad and 1 for Good.

Costly effort increases the probability of obtaining a good academic outcome.

We assume that the cost of effort (cost density) c(t) increases over time (∂c(t)∂t >
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0), reflecting the growing difficulty of the course material. For simplicity, we

assume c(t) ∈ [0, 1] and c(0) = 0. We model effort as continuous in time to

account for studying, completing homework, reviewing, and other activities that

happen throughout the term and not just during lectures. (Nevertheless, the

lectures can naturally segment the continuous effort.)

We denote periods when the student plans to exert effort by (t2k−1, t2k] and

no-effort periods by (t2k, t2k+1], for k = 1, . . . ,K, where 0 = t1 < ...t2K ≤

t2K+1 = 1. The parameter K ≥ 1 represents the number of effort intervals. As

we assume c(0) = 0, the student always starts with the semester with a period

of effort. The student may end with a period of no-effort (t2K < t2K+1) or a

period with effort (t2K = t2K+1).

Students incur a catch-up cost if they want to resume lectures and studying

again after a no-effort period. The catch-up cost exceeds the cumulative cost

of studying during the time interval they skipped, or else the lecture material

cannot be absorbed. As a result, students always catch up on all prior material

up to the time when they drop off for good, either at or before the end of the

semester. Finally, effort costs depend on students’ ability a (with a > 0).

We model the total discounted cost of effort over the semester [0, 1] as

C =
1

a


∫ 1

0
1et=1e

−δtc(t)dt︸ ︷︷ ︸
Cost of Effort

+
K−1∑
k=1

λe−δt2k+1

∫ t2k+1

t2k

c(s)ds︸ ︷︷ ︸
Catch-up Cost

 , (1)

where δ ∈ (0, 1] is the standard exponential discount rate. The multiplier 1
a

captures that higher-ability students incur lower effort costs. The first term

represents the discounted cost of exerting effort during active periods. The

second term captures the cost associated with catching up on missed material

from inactive periods. This cost is incurred after an inactive period (t2k, t2k+1]

at the restart times t2k+1. We assume the catch-up cost to be proportional to

the duration of the missed period (t2k, t2k+1] and the cost density c(t) during

that period, but higher as governed by the penalty parameter λ > 1).
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The probability of obtaining a Good outcome depends on the length of inter-

vals during which the student exerts effort, plus the length of non-effort intervals

that are later made up, relative to the total length of the semester. Defining ts

as the time at which the student stops exerting effort altogether, the probability

equals ts/1 = ts.

As a simple (discretized) example, consider a student who takes a course

with 20 lectures. Let’s assume the student exerts effort from lectures 1 to 4,

then misses lectures 5 to 8, resumes effort for lectures 9 to 16, and then drops

out for the remaining lectures. In this scenario, the total cost of effort comprises

the regular effort cost from lectures 1 to 4 and 9 to 16, plus a one-time catch-up

cost for catching up on the material missed from lectures 5 to 8. Her academic

outcome depends on the total length of effective effort (including both regular

and made-up effort), which totals 16 lectures. Given that the course consists of

20 lectures, her probability of achieving a Good outcome is 80%.

For the remaining analysis, we assume for simplicity c(t) = t. (A discussion

of more general forms of c(t) is in Appendix I.2.) We further focus on the case

of catch-up costs being high enough4, hence the cost of resuming effort after a

break is greater than the cost of maintaining continuous effort during the same

period. Thus, the student chooses a threshold strategy, namely, to exert effort

continuously up to a final stopping time ts ∈ [0, 1], which fully characterizes her

decision and uniquely determines the total cost of effort. In the absence of an

intervention, the total discounted utility of a student with ability a who stops

at ts is

U(a, ts) = e−δts︸ ︷︷ ︸
Benefit of Good Outcome

− 1

a

∫ ts

0
e−δt t dt︸ ︷︷ ︸

Cost of Effort

,

and the optimal stopping time is given by

ts
∗
(a) = arg max

ts
U(a, ts).

4The condition being the penalty parameter λ > 2(eδ−(1+δ))

δ2
, see Appendix I.1 for the

detailed derivation.
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In particular, denoting

t0(a) = −1

δ
W0(−aδe−δ),

which is the earliest time where the marginal benefit of effort equals the marginal

cost, where W0 is the Lambert W function. We have ts
∗
(a) = min{t0(a), 1} in

the absence of an intervention.

Experimental Intervention. We now introduce a note-taking activity,

reflecting the experimental intervention. The instructor assigns a note-taking

task to student i at time tni . If the student fails to exert effort at that time, thus

failing to complete the task, she suffers an instantaneous utility loss S.

Dropping subscript i for simplicity (though in the experiment, different stu-

dents are assigned different note-taking times), the total discounted utility of a

student with ability a at time t = 0 becomes

V (a, ts, tn) = U(a, ts)− 1{ts<tn}e
−δtnS︸ ︷︷ ︸

Utility Loss for Missing the Task

. (2)

Given an assignment at time tn, a student with ability a chooses the largest

ts that maximizes her total discounted utility,

ts
∗
(a, tn) = arg max

ts
V (a, ts, tn).

Next, we derive an explicit solution for the student’s optimal stopping rule

as a function of their ability a and the timing of the educational intervention tn.

Define an Effective Threshold tE(a), that is,

tE(a) := max
{
t ∈ [t0(a), 1] : ∆U(a, t, t0(a)) ≥ −e−δtS

}
.

tE(a) is the latest task time at which a student with ability a prefers to align

with the intervention and stop at tn, rather than stopping at the baseline t0(a)

(and incurring the penalty S). ∆U(a, tx, ty) = U(a, tx)−U(a, ty) is the difference

in utility between stopping at tx and ty. We call students with ability a ≥ 1

high-ability student, and students lower ability (a < 1) low-ability students.
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Proposition 1. (i) High-ability students (a ≥ 1) always exert effort through the

entire semester, ts
∗
(a, tn) = 1. (ii) For low-ability students (a < 1), the optimal

stopping point ts
∗
(a, tn) depends on the timing of the note-taking task tn:

ts
∗
(a, tn) =


t0(a) if tn ≤ t0(a)

tn if t0(a) < tn ≤ tE(a)

t0(a) if tE < tn

Proof. See Appendix I.3.

Proposition 1 yields two key insights. First, for students with sufficiently

high ability (a ≥ 1) the timing tn of the note-taking task does not matter. They

will always exert effort throughout the entire semester. Second, for students

with lower ability (a < 1), the timing of the note-taking task does affect whether

and when they start to disengage from their class. Specifically, if the task is

scheduled either too early (tn < t0(a)) or too late (tn > tE(a)), tn does not

affect the optimal stopping point. However, there is a range of times in the

middle of the term (t0(a) ≤ tn ≤ tE(a)) for which it becomes optimal for the

students to stop their effort at tn rather than t0(a). Thus, the timing of the task

matters for sustaining the students’ effort past when it would cease without the

intervention. Indeed, the effort is maximized at tn = tE(a).

Figure 1 presents a simple numerical simulation of Proposition 1. The left

panel shows how students with different abilities respond to varying tn. For a

high ability student (a = 1.5, solid line), the optimal stopping time is always

ts
∗
(a, tn) = 1, regardless of tn. For a low ability student (a = 0.6, dotted line),

the choice of ts
∗
(a, tn) depends on tn. When tn is in the middle of the semester,

such as tn = 0.6, the student may exert more effort; if tn is too early or too late,

it is ineffective in increasing the student’s effort. In our experiment, we vary the

timing of note-taking tasks across students to observe the impact on their effort

levels.

The right panel of Figure 1 aggregates the effect of choosing one fixed time

tn for all students in a class, assuming that 50% are high-ability with a = 1.5
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and the remaining 50% are low-ability with a = 0.6. Compared to scheduling

the task very early or late in the semester, setting tn in the middle (tn = 0.76)

leads to the highest total effort.

Figure 1: Simulation of Proposition 1. We set δ = 0.8 and S = 0.1 for the
simulation. The left panel shows the optimal stopping point of students as a
function of task timing tn for two types of students, one with a = 1.5 (solid
line) and one with a = 0.6 (dotted line). The right panel shows the aggregate
effort (per student), assuming a = 1.5 for 50% of students and a = 0.6 for the
remaining 50% of students.

As an additional result, we show in Appendix I.4 that when the discount

rate is sufficiently high, i.e., δ > 1 (note that the discount factor is e−δt, hence

δ > 1 indicates a steeper instantaneous discount rather than students outweigh

future benefits than current benefits), low-ability students continue exerting ef-

fort even after the note-taking lecture tn when they would have stopped exerting

effort before lecture tn without the intervention. This type of habit formation

highlights the potential long-term effects of a one-time intervention (Ferraro and

Price, 2013; Allcott and Rogers, 2014; Kesternich et al., 2016; Ito et al., 2018;

Brandon et al., 2019; Jessoe et al., 2021).

Finally, the theoretical framework allows us to discuss welfare implications

of educational interventions. We have derived how timing the intervention at

tE(a) maximizes students’ effort, i. e., induces them to absorb as much course
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material and attend as many lectures as possible given their ability a. However,

the educational intervention uses the threat of lowering student utility by S,

which students will incur if the timing is not optimized. Moreover, even without

incurring the cost S, the resulting student utility from working longer and stop-

ping only at ts
∗
(a, tn) is lower than the utility from stopping at t0(a) without

the educational intervention. Hence, its implementation requires additional jus-

tification such as students failing to see the long-term benefits of sustained effort

or displaying time inconsistency. This perspective of informational or behavioral

constraints is typically assumed in the literature on educational interventions.

Our calibration results in Section 4.4, suggesting potentially significant effects

on post-graduation wages, is consistent with this perspective.

3 Experimental Design

We designed an experiement to examine whether the timing of participating in

an in-class activity has impact on students’ engagement and consequently on

their learning performances.

We implemented the experiment at a large Chinese university in the Fall

semester of 2020, when universities in China resumed regular in-person teaching

after the outbreak of COVID in the spring of 2020.

Courses. We conducted the experiment in three courses which are all com-

pulsory courses for undergraduate students. Table 1 summarizes the main fea-

tures for each course.5 In total, 571 students participated in our experiment,

including 57 from A, 170 from B, and 344 from C. 477 (84%) students remained

until the end of the semester. The dropout rate does not significantly differ

between students who are assigned to different lectures (p = 0.273, χ2 Test).

The Note-taking Task. The in-class activity we chose is note-taking. In

both the education and psychology literature, studies have shown that assigning

students to take notes is an effective learning tool via both the note-taking

5Course C has two parallel sections offered by the same instructor. Students could chose
the one that best fit their schedule. We do not find significant differences in grades for these
two sections, and pool the data together in the analysis.
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production and processes (Kobayashi, 2005; Piolat et al., 2005; Bohay et al.,

2011). In particular, a good note summary should cover the course material well,

make effective connections between concepts, and apply the gained knowledge

to new contexts (Peper and Mayer, 1978). Therefore, it is considered to be a

cognitive demanding task. Furthermore, taking notes is simple enough, so it

should not discourage low-ability students from participating.6

Table 1: Course Description

Course % Female Students # Students # Note-takers per Lecture

A 2% 57 2, 3
B 30% 170 6, 7
C 53% 344 6, 7, 8

3.1 Experimental Procedure

In our experiment, students are randomly assigned to take notes for one lecture

(the randomization period covers the third week to the end of the semester).7

Tables A1 to A4 in Appendix presents the summary statistics of key variables

for randomization and the balance test results. Table 1 reports the number

of students assigned to the task per lecture. In total, 88% students in our

experiment completed the note-taking task. The likelihood of submitting notes

does not significantly differ across assignment timing.

Additionally, students completed pre- and post-experiment surveys where

they answered questions on their learning motivation, attitude, and personal

characteristics. The response rate is 70.2% for the pre-experiment survey and

60.8% for the post-experiment survey. The details of our experiment implemen-

tation can found in Appendix II.

6For example, Leuven et al. (2010) finds that low-ability students achieve less when they
are assigned to more difficult tasks.

7We exclude the first two weeks which are the shopping periods. Each week contains two
lectures, and specifically, we announce the experiment in lecture 5, and students are assigned
from lecture 6 to the end of the semester.
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4 Experimental Results

In this section, we first present the aggregate treatment effect on engagement

and performance, followed by heterogeneous treatment effects analysis for high-

and low-ability students. Then we examine the spillover effect of our intervention

on other classes that students take. Since we use transcript data, which is only

available for Course C (60% of participants), to examine both heterogeneous

and spillover effects, we restrict the following analysis to that course. Our main

results are robust when we include all three courses in the analysis (see Section

4.5).

4.1 Aggregate Treatment Effects

We first study how the task assignment timing affects attendance. Table 2

presents the analysis where the dependent variable is whether an individual

attends a lecture or not. The main independent variable “Task Timing” refers

to the lecture when the student is assigned to take notes. The square term

captures the possible nonlinear relationship between task timing and attendance;

“Lecture Index” refers to which lecture it is in the semester.

In all columns, the estimated coefficients on “Task Timing” are positive and

significant (p < 0.05), while the coefficients on the square term are negative and

significant (p < 0.05). That is to say, students who are assigned to take notes

for one of the middle lectures are more likely to attend than students assigned

to take notes in the early or late lectures. In columns 3 and 4, we add “Lecture

Index” and verify the natural decline in attendance.

Result 1. Compared to students assigned to other lectures, those assigned to the

middle of the semester have the highest attendance rate.

We use homework submission as another measure of effort and engagement.

There are 12 homework assignments in a semester, approximately once a week,

which allows us to replicate the analysis in Table 2. As shown in all columns of

Table 3, assigning students to the middle of the semester increases the homework
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Table 2: Treatment Effects on Attendance

Attendance
(1) (2) (3) (4)

Task Timing 2.336** 2.077** 2.336** 2.077**
(1.044) (0.988) (1.045) (0.988)

Task Timing2 -0.061** -0.055** -0.061** -0.055**
(0.028) (0.027) (0.028) (0.027)

Lecture Index -1.085*** -1.085***
(0.096) (0.096)

Controls No Yes No Yes
Obs 7,366 7,366 7,366 7,366

Notes: This table reports linear probability model estimates of regressing a
dummy variable that indicates whether a student attends a lecture or not, on
the task timing and its quadratic term. Independent variables “Task Timing”,
“Task Timing2” and “Lecture Index” are scaled by 1/100 for estimation. Control
variables include gender, international student, and whether postpone taking the
course. Standard errors clustered at student level are reported in parentheses.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels,
respectively.

submission rate. Additionally, there is a natural decline for homework submission

as well.

Result 2. Assigning students to the middle of the semester helps them obtain

higher homework grades.

As our model predicts, students who are assigned to the middle of the

semester exerted more effort, and we examine whether this leads to better aca-

demic performance as well. Specifically, we look at whether the timing for the

note-taking task has any effect on students’ exam grades, including both midterm

and final exam grades (Table 4). Though the sign of the coefficient is similar to

that for attendance and homework grades, the inverse U-shape relationship is not

significant for the midterm (Columns 1 and 2) and final exam grade (Columns

3 and 4). One possibility is that exam grades could both reflect students’ effort

and ability. Students who already have high ability may not have significantly

increase their exam performance from exerting more effort. Our model also pre-

dicts that while students who are assigned to complete the task in the middle of
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Table 3: Treatment Effects on Homework Submission

Homework Submission
(1) (2) (3) (4)

Task Timing 1.749*** 1.676*** 1.749*** 1.676***
(0.620) (0.582) (0.621) (0.582)

Task Timing2 -0.046*** -0.044*** -0.046*** -0.044***
(0.017) (0.016) (0.017) (0.016)

Homework Index -0.564*** -0.564***
(0.114) (0.114)

Controls No Yes No Yes
Obs 3,048 3,048 3,048 3,048

Notes: This table reports linear probability model estimates of regressing a
dummy variable that indicates whether a student submit a homework or not, on
the task timing and its quadratic term. Independent variables “Task Timing”,
“Task Timing2” and “Homework Index” are scaled by 1/100 for estimation.
Control variables include gender, international student, and whether postpone
taking the course. Standard errors clustered at student level are reported in
parentheses. ***, **, and * indicate statistical significance at the 1%, 5%, and
10% levels, respectively.

the semester will exert more effort on average, this increase is essentially driven

by low ability students. We explore such heterogeneous effect in the following

section.

4.2 Heterogeneous Treatment Effects

Prior studies such as Leuven et al. (2010) find that large rewards increase the

exam pass rate of high-ability students while decreasing the pass rate of low-

ability students. They propose that the financial incentives may crowd out the

intrinsic motivation of low ability students. Moreover, Campos-Mercade and

Wengström (2020) finds that the removal of incentives leads to worse perfor-

mance from low-ability students. The intervention proposed in our papers holds

promise for the low-ability students as it tries to target the moment they start

to disengage from the class material.8

8Other studies suggest that demographic variables matter for the effectiveness of treatment
intervention, including income (Gneezy et al., 2019), age (Levitt et al., 2016), and gender
(Angrist and Lavy, 2009; Angrist et al., 2006, 2009; Gong et al., 2021). Moreover, the type
of class (math versus reading and social sciences) matter, cf. Bettinger (2012). Additionally,
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Table 4: Treatment Effects on Exam Grades

Midterm Exam Grade Final Exam Grade
(1) (2) (3) (4)

Task Timing 0.768 0.599 0.577 0.366
(0.976) (0.758) (1.144) (1.005)

Task Timing2 -0.020 -0.014 -0.017 -0.010
(0.026) (0.020) (0.030) (0.027)

Controls No Yes No Yes
Obs 254 254 254 254

Notes: This table reports OLS estimates of regressing students’ midterm exam
grade and final exam grade, on the task timing and its quadratic term. Control
variables include gender, international student, and whether postpone taking the
course. HC3 robust standard errors are reported in parentheses. ***, **, and *
indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

To measure students’ ability, we obtain the pre-experiment transcript data for

all students in Course C, and calculate the credit-weighted GPA of each student.

We use the median pre-experiment GPA to separate students into two groups,

high ability (above median) and low ability (below median) in the following

analysis. Built upon the analysis in Table 4, we further interact “Task Timing”

and its square term with the low ability dummy and report results in Table 5.

The coefficients of “Low Ability× Task Timing” are positive and significant in all

specifications (p < 0.05) while the coefficients of “Low Ability × Task Timing2”

are negative and significant (p < 0.05). For low ability students, assigning them

to the middle of the semester helped them achieve better exam grades, while

there is no significant effect for high ability students. Additionally, based on the

estimated coefficients, the optimal timing that leads to highest grades would be

around lecture 20, approximately 63% of the semester’s progress.9

Result 3. Compared to high ability students, the inverse U-shape effect on low

ability students’ exam grades is more pronounced.

Bellés-Obrero (2020) find that monetary incentives for top-performance students has a positive
impact on the exam grade of students with high intrinsic motivation, but a negative impact on
the grades of those with low intrinsic motivation.

9We calculate this using the estimated coefficients in the quadratic form specification.
Midterm Grade: -3.445 / (-0.086 × 2) = 20.029; Final Exam Grade: -4.557 / (-0.109 × 2)
= 20.904.
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Table 5: Treatment Heterogeneity on Exam Grades

Midterm Exam Grade Final Exam Grade
(1) (2) (3) (4)

Task Timing -0.457 -0.529 -1.137 -1.135
(0.633) (0.635) (0.745) (0.752)

Task Timing2 0.011 0.013 0.024 0.024
(0.017) (0.018) (0.020) (0.020)

Low Ability -54.236*** -45.515*** -69.136*** -66.188***
(11.098) (10.413) (13.297) (13.899)

Low Ability × Task Timing 3.445** 3.182** 4.557*** 4.401***
(1.354) (1.233) (1.620) (1.655)

Low Ability × Task Timing2 -0.086** -0.078** -0.109** -0.106**
(0.037) (0.033) (0.044) (0.045)

Controls No Yes No Yes
Obs 254 254 254 254

Notes: This table reports OLS estimates of regressing students’ midterm exam grade
and final exam grade, on the task timing and its quadratic term, as well as their in-
teraction with low ability dummy. We use students’ pre-experiment GPA to measure
ability, where students whose pre-experiment GPA is lower than the median are la-
beled as low ability students. Control variables include gender, international student,
and whether postpone taking the course. HC3 robust standard errors are reported in
parentheses. ***, **, and * indicate statistical significance at the 1%, 5%, and 10%
levels, respectively.
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Moreover, in Tables A5 and A6, we also show that Results 1 and 2 are mostly

driven by low ability students, which is consistent with Result 3. Based on the

estimated coefficients, the optimal timing that leads to highest attendance rate

and homework grades would be around lecture 19.10

4.3 Spillover Effects

Next we study the possible spillover effects of our intervention on performance

in other courses, especially for low ability students whose academic performance

in the intervention course was significantly affected by the task timing. Specifi-

cally, we examine the treatment effect on the students’ GPA in other courses in

Fall 2020 and those in Spring 2021 separately. The spillover effect for the other

courses in the same semester could go either way. On one hand, the intervention

may have crowded out the students’ effort in other courses, exhibiting a sub-

stitution effect. On the other hand, it may boost students’ overall engagement

level, suggesting a complementary effect.

In Columns 1 - 2 of Table 6, the dependent variable is a student’s GPA in

all courses (excluding the course covered in our experiment) in Fall 2020; In

Columns 3 - 4, the dependent variable is a student’s GPA in Spring 2021. There

is a significant spillover effect - in column 2, the coefficient of “Task Timing”

is 1.836 (p < 0.05) and the coefficient of “Task Timing2” is -0.052 (p < 0.01),

indicating that students who are assigned to the middle of the semester also

achieve better academic performance in other courses of Fall 2020. The spillover

effect declines but still carries over somewhat to the subsequent semester. We

summarize these findings in Result 4.

Result 4. For low ability students, assigning them to the middle of the semester

improves their performance in other courses that they took during the current and

subsequent semesters.

10Similarly, we calculate this using the estimated coefficients in the quadratic form specifica-
tion. Attendance: 0.0267 / (-0.0007 × 2) = 19.071; Homework Grade: 0.0330 / (-0.0009 × 2)
= 18.333.
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Table 6: Spillover Effect on Other Courses

2020 Fall GPA 2021 Spring GPA
(1) (2) (3) (4)

Task Timing 1.507** 1.836** 0.693 1.569*
(0.731) (0.722) (0.961) (0.857)

Task Timing2 -0.042** -0.052*** -0.023 -0.047*
(0.020) (0.020) (0.027) (0.024)

Total Credit -0.340* 0.216 0.035 0.438*
(0.196) (0.220) (0.251) (0.240)

Controls No Yes No Yes
Obs 126 126 125 125

Notes: This table reports OLS estimates of regressing students’ 2020 Fall
semester GPA and 2021 Spring semester GPA, on the task timing and its
quadratic term. The calculation of “2020 Fall GPA” excluded courses covered
in the experiment. Only low ability students are included. Control variables
include gender, international student, and whether postpone taking the course.
HC3 robust standard errors are reported in parentheses. ***, **, and * indicate
statistical significance at the 1%, 5%, and 10% levels, respectively.

4.4 Longterm Effects

We provide some suggestive evidence on the potential impact of our intervention

on students’ academic performance and, subsequently, their wages after gradua-

tion. We use two estimations as benchmarks. The first is from Zou et al. (2022),

which uses survey and administrative data from an elite Chinese university, and

estimates that a one standard deviation (SD) increase in GPA results in a 10.6%

increase in starting wage. The second benchmark is our estimation based on

data from the Chinese College Students Survey (CCSS)11, showing that a one

SD increase in GPA is associated with a 2.89% increase in starting wage. we do

a simple back-of-the-envelope calculation to approximate the economic return

of our intervention. Combining the effect of our intervention on the targeting

course (Column 2 of Table 5) and the spillover effect in other courses (Column 2

of Table 6), the GPA for those who assigned to the middle is higher than those

11The survey sampled undergraduate students who completed their bachelor’s degrees be-
tween 2010 and 2014, focusing on a subsample from elite Chinese universities listed under the
985 and 211 projects. This subsample includes a total of 3,581 students.
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assigned to early or late. For example, on average, students that are assigned to

lecture 18 for the task have, on average, a GPA that is 8.789 points higher than

students who are assigned to lecture 6. Over a typical four-year undergraduate

program, this translates to an average GPA increase of approximately 1.097,

or around 0.174 SD.12 The resulting wage increase would then roughly range

from 0.50% to 1.84%. This is comparable to a similar estimate by Barwick et

al. (2024). They find that China’s gaming restrictions on college students may

increase wages by 0.7%, which is about the return from half of an extra year of

work experience in developing countries (Lagakos et al., 2018).

4.5 Robustness Checks

In this subsection, we conduct robustness checks for using the full sample with

three courses. To conduct heterogeneous analyses on the full sample, we use an

alternative ability measure which covers all students in our experiment. This is

whether a student postpones taking the course, e.g., a senior student takes the

second-year Course C.13 To verify that this is indeed a valid measure of ability,

we access students’ final grades for Course C from 2017 to 2019 and find that

postponing students’ GPAs are significantly lower than those students who take

the course in the suggested time frame (p < 0.01, two-sided t-test).

First, our main treatment effect on attendance and homework grades is robust

when expanding the analysis to the full sample. As shown in Tables A7 and A8,

Results 1 and 2 continue to hold. Similar to Table 4, we do not find significant

results on academic performance for the full sample (Table A9).

Moreover, we conduct the same analysis as those in Tables 5 and 6 by re-

placing the low ability dummy with a dummy for students who postponed the

course. Table A10 presents the results for the grades. The sign on all the coeffi-

cients remain the same. Table A11 presents the spillover effect results, and the

12In the CCSS sample, the SD of GPA is 6.328, which is comparable to the SD of 6.6 in
administrative data used by Barwick et al. (2024) for Chinese undergraduate students.

13Students may postpone taking the course for different reasons, and one of the most common
reason is that they dropped the course in the previous semester. In 2020, we access students’
registration data for Course C, where 104 out of 344 students postponed taking students.
Among these students, 87 of them are retaking the course.
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signs on the coefficients remain consistent.

Counterfactual Analysis. In Result 3, we show that low ability students

who are assigned to the middle of the semester are more likely to have better aca-

demic performance. Due to logistical constraints, all students in our experiment

were assigned to the note-taking task. This setup raises a natural question: can

students who are assigned the task achieve better academic performance com-

pared to those who are not assigned the task at all? Our counterfactual analysis

provides supportive evidence.

In Figure 2, our analysis of academic performance from 2017 to 2019 in

Course C shows a widening gap between high- and low-ability students. Accord-

ing to our theoretical framework, since the intervention better targets low-ability

students, its success should be reflected in a narrowing of this gap in 2020. If

the note-taking task indeed benefits low-ability students, we would expect the

previously observed trend of an expanding gap to be mitigated. To examine

this, we use the 2017–2019 data to estimate a linear OLS model that predicts

the counterfactual final grade gap for 2020, assuming no intervention took place.

Comparing the realized and counterfactual gaps, we find that the 2020 realized

gap is indeed smaller, supporting the hypothesis that the intervention helped

improve low-ability students’ performance. Furthermore, to examine whether

the timing of the task assignment affected outcomes, we divided the low-ability

students in 2020 into five groups based on when they were assigned the note-

taking task. The results show that, except for the earliest group, all other groups

exhibit smaller grade gaps with the high-ability group compared to the coun-

terfactual. Notably, the group assigned to the middle of the semester (Group

3) showed the smallest gap, suggesting that assigning the task mid-semester is

particularly effective.
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Figure 2: Counterfactual Analysis. For each semester from 2017 to 2020, we
calculate the final grade gap between high- and low-ability students in Course
C. Students are grouped into high and low ability based on a median split of their
GPA before taking this course. The four hollow circles represent the observed
grade gap in each semester. Using gaps from 2017 to 2019, we fit a linear
OLS model to predict the counterfactual gap for the 2020 semester if no task
assignment was implemented (black circle). In 2020, all low-ability students were
further evenly split into five groups based on the timing of their task assignment:
Group 1 completed the task earliest, and Group 5 latest. For each group, the
grade difference between its mean score and the average score of high-ability
students is plotted (shown by five distinct markers).

5 Conclusion

Declining student engagement in class over time is a notoriously challenging

problem in education. Although many monetary and non-monetary interven-

tions have been tried to stop this decline, the results have been mixed and modest

at best. In this paper, we focus the often-ignored timing of the intervention and

find that it is of first-order importance both theoretically and experimentally.

Our simple model illustrates the role of increasing effort costs over the dura-

tion of a learning activity on effort provision. We find that the optimal timing
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for an effort-inducing intervention is the middle of the term so that students who

would have disengaged before then are encouraged to “power through” and avoid

catch-up costs. To test our predictions, we randomly assigned students to finish

a note-taking task for different lectures. The experimental results show that

assigning students to the middle of the term help students, especially low-ability

ones, achieve better academic performance. We also document a spillover effect,

that is, students who are assigned to the middle of the semester also achieve

higher grades in other courses.

Despite the high returns to education, students are likely to become disen-

gaged over time, leading to insufficient investment. The toolkit of behavioral

economics has been widely applied in trying to improve educational engagement

and other outcomes, though the results are mixed (Gneezy et al., 2011; Lavecchia

et al., 2016). We contribute by focusing on an often overlooked dimension: tim-

ing. Our results suggest that education practitioners and policy makers could

improve engagement and outcomes by timing the intervention inline with the

pattern of declining engagement.

Our insights can apply to other domains that require sustained engagement

as well. Note that one extension of the model (Appendix I.4) demonstrates the

possibility of the temporary intervention leading to habit formation. This is

likely relevant in other scenarios where continuous effort is needed in pursuing

long-term goals, e.g., exercise (DellaVigna and Malmendier, 2006), alcohol ab-

stinence (Schilbach, 2019), and skill development. Similar to education, many

people fall short of the established objective because they lack persistent invest-

ment. We expect that a behavioral intervention with appropriate timing could

potentially help people pull through the period of stagnation and stay engaged

even after the intervention. Moreover, with the adoption of AI technology in ed-

ucation (Zhai et al., 2021; Zhang and Aslan, 2021), the implementation cost for

such interventions would be quite low. For example, we can use simple machine

learning methods to identify which students would benefit most and when would

be the optimal time for the intervention. This could be explored in future work.
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Online Appendices

I Proofs

I.1 Derivation of the lower bound of λ

To determine the lower bound of a penalty factor λ that discourages catch-up

behavior, we begin by considering the total discounted cost:

C =
1

a

[∫ 1

0
1et=1e

−δtc(t)dt+
K∑
k=1

e−δt2k−1

∫ t2k−1

t2k−2

c(s)ds

]
,

where the first term represents the cost of continuous effort and the second

term the cost incurred when catching up after breaks.

When a penalty factor λ is imposed, the catch-up cost is modified so that

the total cost becomes

C =
1

a

[∫ 1

0
1et=1e

−δtc(t)dt+
K−1∑
k=1

λe−δt2k+1

∫ t2k+1

t2k

c(s)ds

]
. (3)

To render the extreme strategy—skipping all lectures and catching up only

at the end—suboptimal, we require that, when effort is postponed until t = 1,

the catch-up cost still exceeds the cost of continuous effort. That is,

λe−δ
∫ 1

0
c(s)ds >

∫ 1

0
e−δsc(s)ds.

Assuming a linear cost function c(t) = t, the inequality immediately simplifies

to

λ >
2(eδ − (1 + δ))

δ2
.

I.2 Generalized cost density c(t)

We now consider a more general cost function c(t). To guarantee a well-behaved

solution to the student’s maximization problem, we impose the following tech-

nical assumption on the curvature of c(t):
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Assumption 1. For all tx, ty ∈ [0, 1],

∂2c(t)

∂t2

∣∣∣
t=tx
· ∂

2c(t)

∂t2

∣∣∣
t=ty
≥ 0.

This assumption rules out cost functions that are concave on some intervals

and convex on others; functions that are uniformly linear, concave, or convex on

[0, 1] satisfy Assumption 1.

We can now derive the optimal stopping rule of a student with ability a and

an educational intervention assigned at time tn:

Lemma 1. 1. If a ≥ min{ā, ah}, ts∗(a, tn) = 1.

2. If a < min{ā, ah},

ts
∗
(a, tn) ∈


{t0(a)}, if tn ≤ t0(a)

{t0(a), tn, 1}, if tn > t0(a)

where

ā := sup
t∈[0,1]

e−δtc(t)

e−δ
,

ah := {a | ∆U(a, 1, t0(a)) = 0},

and

t0(a) := min
{
t ∈ (0, 1)

∣∣∣ ∂V (a, ts, tn)

∂ts
= 0
}
.

Proof. First, note that the derivative of the total discounted utility is given by

∂V (a, ts, tn)

∂ts
= e−δ − 1

a
e−δt

s
c(ts).

Case 1: Suppose that a > ā. Then for every ts ∈ [0, 1] we have

e−δ − 1

a
e−δt

s
c(ts) > 0.

In addition, the intervention penalty term −1{ts<tn}e−δt
n
S is non-decreasing in
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ts. Consequently, V (a, ts, tn) is strictly increasing in ts, and the optimal stopping

time is attained at the terminal time, i.e.,

ts
∗
(a, tn) = 1.

Case 2: Now consider when a ≤ ā. In this case, there exists some t′ ∈ (0, 1]

such that
∂V (a, ts, tn)

∂ts

∣∣∣
ts=t′

≤ 0,

while at ts = 0 the derivative satisfies

∂V (a, ts, tn)

∂ts

∣∣∣
ts=0

> 0.

By the Intermediate Value Theorem, there exists at least one t in the interval

[0, t′] for which
∂V (a, ts, tn)

∂ts

∣∣∣
ts=t

= 0.

Assumption 1 guarantees that this equation has at most two roots; we denote

the smallest such root by

t0(a) = min
{
t ∈ [0, 1] :

∂V (a, ts, tn)

∂ts
= 0
}
,

which corresponds to the unique local maximum of V (a, ts, tn).

Among the candidate stopping times, note that stopping at t = 0 can be

ruled out because

V (a, t0(a), tn) ≥ V (a, 0, tn).

It remains to compare the utility from stopping at t0(a), at tn, and at the end

of the semester (ts = 1). We consider the following subcases:

Case 2a: Suppose ā ≥ a ≥ ah := {a | ∆U(a, 1, t0(a)) = 0}, there exist

two situations. First, if ∂V (a,ts,tn)
∂ts |ts=t= 0 only has one root t0(a) on [0, 1], then

ā = ah, ts
∗
(a, tn) = 1. Second, if ∂V (a,ts,tn)

∂ts |ts=t= 0 has two roots on [0, 1], we

denote the larger one as t−1(a).
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Remark 1. ∂∆U(a,1,t0(a))
∂a > 0.

Proof.

∆U(a, 1, t0(a)) =

∫ 1

t0(a)

∂U(a, ts)

∂ts
dt

Following the Leibniz integral rule, we have:

∂[∆U(a, 1, t0(a))]

∂a
= −∂U(a, ts)

∂ts
|ts=t0(a) ·

∂t0(a)

∂a
+

∫ 1

t0(a)

∂U(a,ts)
∂ts

∂a
dt

=

∫ 1

t0(a)

∂U(a,ts)
∂ts

∂a
dt

(4)

Notice that
∂U(a,ts)
∂ts

∂a =
∂[e−δ− 1

a
e−δtc(t)]

∂a > 0 and t0(a) < 1, hence

∂∆U(a,1,t0(a))
∂a > 0.

Remark 1 implies that for a ≥ ah, ∆U(a, 1, t0(a)) ≥ 0. V (a, 1, tn) =

U(a, 1) > U(a, t0(a)) ≥ V (a, t0(a), tn), hence ts
∗
(a, tn) 6= t0(a).

We further consider the following subcases,

• If tn < t0(a), because ∀ts ∈ [0, t0(a)], ∂V (a,ts,tn)
∂ts > 0, so that

V (a, t0(a), tn) > V (a, tn, tn)

In this situation, ts
∗
(a, tn) = 1.

• If tn > t0(a), we distinguish two further subcases:

– If tn ∈ [t0(a), t−1(a)), then the derivative satisfies ∂V (a,ts,tn)
∂ts < 0 in

this interval. This implies that

∆U(a, 1, tn) = ∆U(a, 1, t0(a))︸ ︷︷ ︸
≥ 0

−∆U(a, t0(a), tn)︸ ︷︷ ︸
< 0

> 0.

Hence

V (a, 1, tn) > V (a, tn, tn),
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so that ts
∗
(a, tn) cannot equal tn; therefore, the optimal choice is again

ts
∗
(a, tn) = 1.

– If tn ∈ [t−1(a), 1), then the derivative becomes positive for ts ≥ t−1(a),

so that

V (a, 1, tn) = U(a, 1) > U(a, tn) = V (a, tn, tn),

and once more ts
∗
(a, tn) 6= tn, leading to ts

∗
(a, tn) = 1.

To summarize, when a ≥ ah, ts
∗
(a, tn) = 1.

Case 2b: When a < ah, further consider the location of tn,

Case 2b-i: If tn < t0(a), because ∀ts ∈ [0, t0(a)], ∂V (a,ts,tn)
∂ts > 0, V (a, t0(a), tn) >

V (a, tn, tn), we can rule out ts
∗
(a, tn) = tn. As a < ah, V (a, t0(a), tn) =

U(a, t0(a) > U(a, 1) = V (a, 1, tn), we can rule out ts
∗
(a, tn) = 1 either. There-

fore, ts
∗
(a, tn) = t0(a).

Case 2b-ii: If tn > t0(a), there exist two situations similar in Case 2a.

(1) If ∂V (a,ts,tn)
∂ts |ts=t= 0 only has one root t0(a) on [0, 1]. As ∀ts > t0(a),

∂V (a,ts,tn)
∂ts < 0, V (a, 1, tn) < V (a, tn, tn), we can rule out ts

∗
(a, tn) = 1, hence

ts
∗
(a, tn) ∈ {t0(a), tn}.

(2) If ∂V (a,ts,tn)
∂ts |ts=t= 0 has two roots on [0, 1], the comparisons between

candidate stopping times are indeterminate, ts
∗
(a, tn) ∈ {t0(a), tn, 1}.

Lemma 1 has several implications. First, students with high ability (a ≥

min{ā, ah}) will always exert effort in all lectures regardless of tn since the

marginal benefit from exerting effort always exceeds their marginal cost of ef-

fort. Second, for students with low ability (a < min{ā, ah}), the optimal stopping

point ts
∗
(a, tn) lies in a limited set. Additionally, whenever the timing of the

task is earlier than t0(a) (i.e., the earliest timing where the marginal benefit of

effort equals the marginal cost), tn will not be effective in increasing students’ ef-

fort. Last but not least, notice that since ts
∗
(a, tn) = arg max

ts
V (a, ts, tn), where

V (a, ts, tn) is a non-decreasing function in a, ts
∗
(a, tn) is non-decreasing in a as

well. In other words, students with higher ability will never stop exerting effort
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at an earlier time than those with lower ability.

I.3 Proof of Proposition 1

Proof. Notice that when c(t) = t and δ ≤ 1, ā = ah = 1.

1. When a ≥ 1,

By Lemma 1, we have ts
∗
(a, tn) = 1. We distinguish following cases based

on the student’s ability.

2. When a < 1, note that ∀ts ∈ [0, 1],

∂2V (a, ts, tn)

∂(ts)2
= −1

a
(e−δt

s − δe−δtsts) ≤ 0.

Thus, by concavity, there exists a unique threshold

t0(a) = −1

δ
W0(−aδe−δ)

satisfying ∂V (a,ts,tn)
∂ts

∣∣
ts=t0(a)

= 0.

• If tn ≤ t0(a), Lemma 1 implies that ts
∗
(a, tn) = t0(a).

• If tn > t0(a), the situation (1) of Case 2b-ii in Lemma 1 implies that

ts
∗
(a, tn) ∈ {t0(a), tn}. we compare V (a, tn, tn) and V (a, t0(a), tn).

Since

V (a, tn, tn)− V (a, t0(a), tn) = ∆U(a, tn, t0(a)) + e−δt
n
S

is continuous and strictly decreasing for tn > t0(a), we introduce the

following auxiliary threshold,

Effective Threshold :

tE(a) := min
{
t ∈ [t0(a), 1] : ∆U(a, t, t0(a)) ≤ −e−δtS

}
.

tE(a) marks the minimal task time beyond which the cost of effort

overwhelms any benefit from aligning with the intervention.
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– If tn > tE(a), V (a, tn, tn)− V (a, t0(a), tn) < 0, ts
∗
(a, tn) = t0(a).

– If tn ∈ (t0(a), tE(a)], V (a, tn, tn)−V (a, t0(a), tn) ≥ 0, ts
∗
(a, tn) =

tn.

I.4 Habit Formation with High Discount Rates

In Section 2 we assumed δ ≤ 1 so that the total utility function was globally

concave in the stopping time. In this Section, we relax this assumption and

consider steeper rates of discounting, δ > 1, with c(t) = t. In that case, the

loss of global concavity permits an educational intervention to induce not only

a temporary increase in effort but, in certain cases, the formation of a learning

habit — i.e., sustained effort until t = 1.

Notation and Thresholds

Auxiliary Thresholds. To capture the role of the intervention, we further

define two additional thresholds:

• Habit Induction Threshold :

tH(a) := max
{
t ∈ [t0(a), 1] : ∆U(a, 1, t0(a)) ≥ −e−δtS

}
.

This threshold characterizes the latest intervention time for which the net

utility loss of extending effort from t0(a) to the end of the semester is

smaller than the utility loss from not completing the task.

• Continuation Threshold :

tC(a) := min
{
t ∈ [t0(a), 1] : ∆U(a, t, 1) ≤ 0

}
.

tC(a) is the minimal intervention time such that the incremental benefit of

extending effort from t to the end of the semester becomes non-positive.
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Ability Cutoffs. We further classify students by introducing the following

cutoff:

al := {a | ∆U(a, 1, t0(a)) = −e−δtH(a)S}.

Students with a < al are very low-ability for whom the intervention has limited

influence.

Proposition 2. Under δ > 1 with c(t) = t, the optimal stopping rule

ts
∗
(a, tn) = arg max

ts∈[0,1]
V (a, ts, tn)

satisfies:

(i) If a ≥ ah, then

ts
∗
(a, tn) = 1.

(ii) If al ≤ a < ah, then

ts
∗
(a, tn) =



t0(a), if 0 ≤ tn ≤ t0(a),

tn, if t0(a) < tn ≤ tC(a),

1, if tC(a) < tn ≤ tH(a),

t0(a), if tn > tH(a).

(iii) If a < al, then

ts
∗
(a, tn) =



t0(a), if tn > tE(a),

tn, if t0(a) < tn ≤ tE(a),

t0(a), if tn ≤ t0(a).

Proof. We prove the proposition by comparing the total utility obtained by stop-

ping at the candidate times t0(a), tn, and 1. We consider ts
∗
(a, tn) for different

a.
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1. If a ≥ ā > ah, or ā > a ≥ ah, by Lemma 1,

ts
∗
(a, tn) = 1.

2. Suppose al ≤ a < ah,

• If tn ≤ t0(a), by Lemma 1,

ts
∗
(a, tn) = t0(a).

• If t0(a) < tn ≤ tC(a): By the definition of tC(a) and tH(a), for such

tn we have

∆U(a, tn, 1) ≥ 0, ∆U(a, 1, t0(a)) ≥ −e−δtS,

Hence, the optimal choice is

ts
∗
(a, tn) = tn.

• If tC(a) < tn ≤ tH(a):

∆U(a, tn, 1) < 0, ∆U(a, 1, t0(a)) ≥ −e−δtS,

so that

ts
∗
(a, tn) = 1.

• If tn > tH(a):

∆U(a, tn, 1) < 0, ∆U(a, 1, t0(a)) < −e−δtS,

which implies

ts
∗
(a, tn) = t0(a).

3. Finally, suppose a < al. by Remark 1 and the definition of al, V (a, 1, tn) <
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V (a, t0(a), tn). Together with Lemma 1, we only need to compare V (a, t0(a), tn)

and V (a, tn, tn). Following the same logic in Proposition 1,

• If tn ≤ t0(a), by Lemma 1,

ts
∗
(a, tn) = t0(a).

• If t0(a) < tn ≤ tE(a), the definition of tE(a) guarantees that

∆U(a, tn, t0(a)) ≥ −e−δtnS,

Hence, ts
∗
(a, tn) = tn.

• If tn > tE(a),

∆U(a, tn, t0(a)) < −e−δtnS,

so that V (a, t0(a), tn) > V (a, tn, tn). Therefore, ts
∗
(a, tn) = t0(a).

Figure A1 presents a numerical example of Proposition 2. The a = 1.5 (solid

line) and a = 0.6 (dotted line) are similar to Figure 1, but notice that for a

student with middle ability (dashed line, a = 1.08), it is possible that when tn

is appropriately chosen, e.g., tn = 0.85, she will continue learning after finishing

the task, and keep doing it until the end of the semester (ts
∗
(a, tn) = 1). Again,

assuming the probability of each ability type is 1/3, we find that the aggregated

effort (per student) is maximized at tn = 0.85.
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Figure A1: Simulation of Proposition 2. We set δ = 2, S = 0.1 and do the
numerical simulation. For the figure on the left, we consider how the optimal
stopping point of students with respectively three types of ability, a = 1.5 (solid
line), a = 1.08 (dashed line), and a = 0.6 (dotted line), depends on task timing
tn; For the figure on the right, we assume an even split of the three types of
students, and examine how the aggregate effort (per student) depends on task
timing tn.
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II Experiment Implementation Details

Pre-experiment Survey. We distribute the pre-experiment survey before the

beginning of lecture 5, which is the first lecture of week 3. Specifically, we post

notice on both the Web Learning14 and WeChat group15 to ask students to

complete the survey.

Lecture 5: Announce Experiment. In lecture 5, we announce the de-

tailed experiment schedule in the classroom. We also post the note-taking sched-

ule on both the Web Learning and WeChat groups before.

Lecture i: Note-taking. One day before Lecture i, we send a reminder

email to students assigned to that particular lecture, and also post notice on

the WeChat group. We also specified the time for submitting the notes. For

example, if a student is selected to take notes on March 3rd, she is expected

to send the notes to our research assistant by the end of that day, though we

clarified that the note-taking task is not compulsory and does not affect the final

grade.

Post-experiment Survey. We distribute the post-experiment survey after

the final exam via the Web Learning and WeChat group.

14Web Learning is a website for teaching and learning purpose. On this website, teachers
and teaching assistants could post notice, arrange assignments, and share slides, while students
could access course materials and information.

15WeChat groups have been used extensively in China to facilitate teaching, especially after
the outbreak of COVID-19 (Guo et al., 2020). Instructors can post course material, grading
policy, and answer students’ questions in a timely manner. Students can ask both instructors
and their classmates questions, sharing course related material and chat.
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III Randomization Check

Table A1: Course A Randomization

Lecture Index % Female % Postpone % STEM % International

6 0.000 0.333 1.000 0.000
7 0.000 0.000 1.000 0.000
8 0.000 1.000 1.000 0.000
9 0.000 0.000 1.000 0.000
10 0.000 0.000 1.000 0.000
11 0.000 0.000 1.000 0.000
12 0.000 0.000 1.000 0.000
13 0.000 0.000 1.000 0.000
14 0.000 0.000 1.000 0.000
16 0.000 0.500 1.000 0.000
17 0.000 0.000 1.000 0.000
18 0.000 0.000 1.000 0.000
19 0.000 0.000 1.000 0.000
20 0.000 0.000 1.000 0.000
21 0.000 0.333 1.000 0.000
22 0.000 0.000 1.000 0.000
23 0.000 0.500 1.000 0.000
24 0.000 0.000 1.000 0.000
25 0.000 0.000 1.000 0.000
26 0.000 0.500 1.000 0.000
27 0.500 0.000 1.000 0.000
28 0.000 0.000 1.000 0.000
29 0.000 0.000 1.000 0.000
30 0.000 0.000 1.000 0.000
31 0.000 0.500 1.000 0.000

χ2 test p-value 0.260 0.206 / /

Notes: This table reports, for each lecture (Lecture Index), the proportion of
students assigned to complete the note-taking task during that specific lec-
ture who exhibit certain characteristics. These characteristics include gender
(Female), whether the student postponed taking the course from the recom-
mended schedule (Postpone), whether the student majors in a STEM field
(STEM), and whether they are an international student (International). In
the experiment setup, we excluded the initial four lectures as they were part
of a shopping period, announced the experiment schedule in lecture 5, and
then randomly assigned students from lecture 6 to lecture 31. Note that for
this course, lecture 15 was reserved for a midterm exam.
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Table A2: Course B Randomization

Lecture Index % Female % Postpone % STEM % International

6 0.143 0.000 1.000 0.000
7 0.429 0.000 0.571 0.000
8 0.167 0.000 0.667 0.000
9 0.143 0.000 1.000 0.000
10 0.167 0.000 0.667 0.000
11 0.286 0.000 0.714 0.000
12 0.167 0.000 1.000 0.167
13 0.571 0.000 0.143 0.000
14 0.667 0.167 0.667 0.000
15 0.143 0.000 0.714 0.000
16 0.500 0.000 1.000 0.000
17 0.429 0.000 0.714 0.000
18 0.333 0.000 0.833 0.000
19 0.429 0.000 0.571 0.000
20 0.286 0.000 0.714 0.143
21 0.500 0.000 0.833 0.000
22 0.429 0.000 0.714 0.000
23 0.167 0.167 0.667 0.167
24 0.286 0.000 0.571 0.000
25 0.333 0.000 0.500 0.000
26 0.286 0.000 0.714 0.000
27 0.333 0.167 0.667 0.000
28 0.286 0.000 1.000 0.000
29 0.333 0.000 0.833 0.000
30 0.143 0.000 0.714 0.000
31 0.000 0.000 0.500 0.000

χ2 Test p-value 0.815 0.419 0.189 0.496

Notes: This table reports, for each lecture (Lecture Index), the proportion of
students assigned to complete the note-taking task during that specific lec-
ture who exhibit certain characteristics. These characteristics include gender
(Female), whether the student postponed taking the course from the recom-
mended schedule (Postpone), whether the student majors in a STEM field
(STEM), and whether they are an international student (International). In
the experiment setup, we excluded the initial four lectures as they were part
of a shopping period, announced the experiment schedule in lecture 5, and
then randomly assigned students from lecture 6 to lecture 31.
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Table A3: Course C1 Randomization

Lecture Index % Female % Postpone % STEM % International

6 0.286 0.714 0.000 0.143
7 0.714 0.429 0.000 0.000
8 0.429 0.429 0.000 0.000
9 0.500 0.500 0.000 0.333
10 0.571 0.429 0.000 0.143
11 0.714 0.429 0.000 0.143
12 0.500 0.667 0.000 0.000
13 0.714 0.286 0.000 0.000
14 0.429 0.429 0.000 0.286
16 0.500 0.333 0.000 0.000
17 0.571 0.143 0.000 0.143
18 0.857 0.571 0.000 0.286
19 0.167 0.333 0.000 0.000
20 0.286 0.571 0.000 0.000
21 0.429 0.714 0.000 0.286
22 1.000 0.667 0.000 0.167
23 0.429 0.143 0.000 0.143
24 0.714 0.429 0.000 0.000
25 0.667 0.500 0.000 0.333
26 0.429 0.286 0.000 0.000
27 0.286 0.429 0.000 0.143
28 0.500 0.500 0.000 0.000
29 0.571 0.571 0.000 0.286
30 0.429 0.429 0.000 0.000
31 0.667 0.333 0.000 0.167

χ2 Test p-value 0.506 0.901 / 0.526

Notes: This table reports, for each lecture (Lecture Index), the proportion of
students assigned to complete the note-taking task during that specific lec-
ture who exhibit certain characteristics. These characteristics include gender
(Female), whether the student postponed taking the course from the recom-
mended schedule (Postpone), whether the student majors in a STEM field
(STEM), and whether they are an international student (International). In
the experiment setup, we excluded the initial four lectures as they were part
of a shopping period, announced the experiment schedule in lecture 5, and
then randomly assigned students from lecture 6 to lecture 31. Note that for
this course, lecture 15 was reserved for a midterm exam.
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Table A4: Course C2 Randomization

Lecture Index % Female % Postpone % STEM % International

6 0.625 0.375 0.000 0.000
7 0.571 0.143 0.000 0.286
8 0.571 0.286 0.000 0.286
9 0.857 0.000 0.000 0.286
10 0.714 0.143 0.000 0.143
11 0.429 0.000 0.000 0.286
12 0.429 0.286 0.000 0.143
13 0.857 0.143 0.000 0.143
14 0.286 0.143 0.000 0.286
16 0.714 0.286 0.000 0.286
17 0.857 0.000 0.000 0.143
18 0.714 0.000 0.000 0.143
19 0.250 0.000 0.000 0.125
20 0.571 0.143 0.000 0.286
21 0.857 0.286 0.000 0.286
22 0.571 0.286 0.000 0.000
23 0.714 0.143 0.000 0.000
24 0.571 0.000 0.000 0.143
25 0.429 0.429 0.000 0.571
26 0.714 0.000 0.000 0.000
27 0.143 0.286 0.000 0.143
28 0.286 0.143 0.000 0.429
29 0.571 0.286 0.000 0.143
30 1.000 0.143 0.000 0.143
31 0.571 0.143 0.000 0.286

χ2 Test p-value 0.109 0.609 / 0.685

Notes: This table reports, for each lecture (Lecture Index), the proportion of
students assigned to complete the note-taking task during that specific lec-
ture who exhibit certain characteristics. These characteristics include gender
(Female), whether the student postponed taking the course from the recom-
mended schedule (Postpone), whether the student majors in a STEM field
(STEM), and whether they are an international student (International). In
the experiment setup, we excluded the initial four lectures as they were part
of a shopping period, announced the experiment schedule in lecture 5, and
then randomly assigned students from lecture 6 to lecture 31. Note that for
this course, lecture 15 was reserved for a midterm exam.
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IV Additional Tables

Table A5: Treatment Effects on High vs. Low Ability Students Attendance

Attendance
(1) (2) (3) (4)

Task Timing 2.668* 2.391* 2.277 2.215
(1.517) (1.440) (1.464) (1.379)

Task Timing2 -0.072* -0.067* -0.057 -0.056
(0.041) (0.038) (0.040) (0.038)

Lecture Index -0.979*** -0.979*** -1.189*** -1.189***
(0.142) (0.142) (0.131) (0.131)

Controls No Yes No Yes
Sample Low Ability High Ability
Obs 3,654 3,654 3,712 3,712

Notes: This table reports OLS estimates of regressing a dummy variable that
indicates whether a student attends a lecture or not, on the task timing and
its quadratic term. Independent variables “Task Timing”, “Task Timing2”, and
“Lecture Index” are scaled by 1/100 for estimation. Control variables include
female, international student, and postponing taking the course dummies. Stan-
dard errors clustered at student level are reported in parentheses. ***, **, and
* indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table A6: Treatment Effects on High vs. Low Ability Students Homework
Submission

Homework Submission
(1) (2) (3) (4)

Task Timing 3.300*** 3.110*** 0.394 0.376
(1.145) (1.051) (0.441) (0.413)

Task Timing2 -0.088*** -0.084*** -0.009 -0.008
(0.031) (0.028) (0.011) (0.010)

Homework Index -0.966*** -0.966*** -0.169 -0.169
(0.197) (0.197) (0.106) (0.106)

Controls No Yes No Yes
Sample Low Ability High Ability
Obs 1,512 1,512 1,536 1,536

Notes: This table reports OLS estimates of regressing a dummy variable that
indicates whether a student submit a homework or not, on the task timing and
its quadratic term. Independent variables “Task Timing”, “Task Timing2”, and
“Homework Index” are scaled by 1/100 for estimation. Control variables include
female, international student, and postponing taking the course dummies. Stan-
dard errors clustered at student level are reported in parentheses. ***, **, and
* indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Table A7: Treatment Effects on Attendance, Robustness Table

Attendance
(1) (2) (3) (4)

Task Timing 1.875** 1.525** 1.879** 1.523**
(0.733) (0.682) (0.735) (0.683)

Task Timing2 -0.050** -0.041** -0.050** -0.041**
(0.020) (0.018) (0.020) (0.018)

Lecture Index -0.826*** -0.837***
(0.060) (0.061)

Controls No Yes No Yes
Obs 13,996 13,996 13,996 13,996

Notes: This table reports OLS estimates of regressing a dummy variable that
indicates whether a student attends a lecture or not, on the task timing and its
quadratic term. Students in all the three experiment courses are included. Inde-
pendent variables “Task Timing”, “Task Timing2”, and “Lecture Index/100” are
scaled by 1/100 for estimation. Control variables include female, international
student, STEM major, postponing taking the course, and course level dummies.
Standard errors clustered at student level are reported in parentheses. ***, **,
and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table A8: Treatment Effects on Homework Submission, Robustness Table

Homework Submission
(1) (2) (3) (4)

Task Timing 1.175** 1.103** 1.178** 1.103**
(0.512) (0.469) (0.512) (0.469)

Task Timing2 -0.029** -0.027** -0.030** -0.027**
(0.013) (0.012) (0.013) (0.012)

Homework Index -0.517*** -0.522***
(0.084) (0.082)

Controls No Yes No Yes
Obs 5,943 5,943 5,943 5,943

Notes: This table reports OLS estimates of regressing a dummy variable that in-
dicates whether a student submits a homework or not, on the task timing and its
quadratic term. Students in all the three experiment courses are included. Inde-
pendent variables “Task Timing”, “Task Timing2”, and “Homework Index” are
scaled by 1/100 for estimation. Control variables include female, international
student, STEM major, postponing taking the course, and course level dummies.
Standard errors clustered at student level are reported in parentheses. ***, **,
and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Table A9: Treatment Effects on Exam Grades, Robustness Table

Midterm Exam Final Exam
(1) (2) (3) (4)

Task Timing 0.173 -0.082 0.553 0.283
(0.715) (0.571) (0.785) (0.645)

Task Timing2 -0.004 0.004 -0.015 -0.007
(0.019) (0.015) (0.021) (0.017)

Controls No Yes No Yes
Obs 477 477 477 477

Notes: This table reports OLS estimates of students’ midterm exam grades and
final exam grades, on the task timing and its quadratic term. Students in all
the three experiment courses are included. Control variables include female,
international student, STEM major, postponing taking the course, and course
level dummies. HC3 robust standard errors are reported in parentheses. ***, **,
and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table A10: Treatment Heterogeneity on Grades, Robustness Table

Midterm Exam Grade Final Exam Grade
(1) (2) (3) (4)

Task Timing -0.708 -0.714 -0.654 -0.601
(0.578) (0.531) (0.658) (0.605)

Task Timing2 0.016 0.017 0.013 0.012
(0.016) (0.014) (0.019) (0.017)

Unmatched -41.646*** -41.437*** -54.342*** -49.597***
(14.881) (14.471) (15.645) (15.809)

Unmatched × Task Timing 1.881 2.415 3.165* 3.452*
(1.832) (1.707) (1.883) (1.816)

Unmatched × Task Timing2 -0.036 -0.046 -0.064 -0.070
(0.051) (0.046) (0.051) (0.048)

Controls No Yes No Yes
Obs 477 477 477 477

Notes: This table reports OLS estimates of regressing students’ midterm exam grade
and final exam grade, on the task timing and its quadratic term, as well as their inter-
action with unmatched dummy. Students who take the course later than scheduled are
labeled as unmatched. Control variables include female, international student, STEM
major, postponing taking the course, and course level dummies. HC3 robust standard
errors are reported in parentheses. ***, **, and * indicate statistical significance at
the 1%, 5%, and 10% levels, respectively.
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Table A11: Spillover Effect on Other Courses, Robustness Table

2020 Fall GPA 2021 Spring GPA
(1) (2) (3) (4)

Task Timing 1.270* 1.070* -0.057 -0.377
(0.663) (0.601) (0.818) (0.812)

Task Timing2 -0.033* -0.026* 0.003 0.014
(0.018) (0.015) (0.022) (0.021)

Total Credit 0.290 0.175 0.172 0.182
(0.198) (0.187) (0.144) (0.137)

Controls No Yes No Yes
Obs 93 93 91 91

Notes: This table reports OLS estimates of regressing students’ 2020 Fall
semester GPA and 2021 Spring semester GPA, on the task timing and its
quadratic term. The calculation of “2020 Fall GPA” excluded courses covered
in the experiment. Only students who postpone taking the courses are included.
Control variables include pre-experiment GPA, female, international student,
STEM major, postponing taking the course, and course level dummies. HC3
robust standard errors are reported in parentheses. ***, **, and * indicate
statistical significance at the 1%, 5%, and 10% levels, respectively.
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