
Not Too Early, Not Too Late:

Encouraging Engagement in Education

Tracy Xiao Liu∗ Ulrike Malmendier† Stephanie W.Wang‡ Shuhuai Zhang§

May 10, 2024

Abstract

A common reason why individuals fail to reach educational and other longterm goals is
the difficulty of maintaining the required effort over time. While educators often attempt to
prevent disengagement with motivating material at the beginning of a class, or with remedial
sessions at the end of the class, we argue that the critical time for sustaining longterm effort
falls instead in the middle. We use a simple model to capture increasing course difficulty
and accumulating time-management frictions over the course of a semester. The model
illustrates that the decline in student effort can be addressed by engaging students in a
costly task that lower the cost of future effort at an intermediate time during the semester,
just before students start “falling off.” To study the effect of timing empirically, we conduct
a field experiment that assigns a task aimed at engaging students with the class material at
different times throughout the semester. We show that assigning tasks to low-performing
students in the middle of the term, compared to early or late in the semester, improves their
performance along several dimensions: attendance, homework grades, and exam grades.
We also observe spillover effect to other courses. The resulting change in grades implies
significant improvement in expected wages post-graduation.
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1 Introduction

A key challenge in the pursuit of educational or other longterm goals is that

it can be difficult to maintain the required effort throughout the duration of a

program. In university settings, for example, student attendance and homework

submissions tend to fall off over the course of a semester.1 Similarly, exercise

and dietary regimens suffer from high attrition rates (Kuijpers et al., 2013; Van-

delanotte et al., 2016), with fitness programs losing up to 50% within the first

twelve months (Dishman et al., 1985). In the domain of addiction recovery, a

known challenge is the decline in the effectiveness of standard drug-abuse treat-

ments (Higgins et al., 2004; Petry et al., 2000). Another example is consumer

engagement in energy conservation, where initial efforts to reduce energy usage

tends 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 education,

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

researchers to implement numerous variations in the size and type of both mon-

etary and non-monetary incentives to improve engagement and performance in

the short- and in the long-run (Lavecchia et al., 2016; Levitt et al., 2016; Gneezy

et al., 2011; Kizilcec et al., 2020; Gneezy and Rustichini, 2000; Clark et al., 2020;

Fryer, 2011, 2016). Many of these studies, however, show null or small effects,

which has been surprising given the extended search for effective intervention,

as discussed in Burgess et al. (2021), Angrist and Lavy (2009), and Clark et al.

(2020), among others.

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

1 Such patterns have been documented for undergraduate classes in the US, Denmark,
Singapore, and many other countries, both offline (Kassarnig et al., 2017; Yeo et al., 2023) and
online (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% rate of 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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tions is the time series pattern of optimal incentives. In this paper, we argue

that the timing of the intervention over the course of a semester is of first-order

importance in addressing the decline in educational engagement. Existing in-

terventions typically fail to account for the time when students start to “fall

off” over the course of a semester and reward instead the final achievement or

the result of specific tests. Similarly, common educational measures focus on

providing incentives or information at the beginning of a class, or on remedial

sessions at the end of the class. We argue that the critical time in sustaining

longterm effort falls instead in the middle.

To see why the timing may be important, consider the various factors con-

tributing to the decay phenomenon in the educational context. Typical reasons

include the increasing difficulty of the course material, accumulating demands

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

demands, and procrastination (Reschly and Christenson, 2012; Fredricks et al.,

2004; Skinner and Pitzer, 2012). For any combination of these factors, the timing

of incentives play an important role: Early in the semester, they will not make

much of a difference since students are still in the low-effort or low-friction part

of the learning experience. Late in the semester, some students might have given

up on following the course material and incentives might not be able to remedy

the disengagement. Vice versa, other students who are still engaged at this late

stage are likely highly motivated and able to handle the course material, and the

additional incentives will not have a significant additional effect.

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.

The cost can become prohibitively high if a student starts to miss lectures or

does not study the class material, as it may be too difficult to catch up and later

class content tends to build on prior material. The model also allows for this

cost to be higher for some students (“low ability”) than others (“high ability”).

In this setting, the level of engagement among “low ability” students declines

over the semester because costs increase more than the expected benefit from a
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good performance at the end of the term without any intervention.

We then consider an intervention that asks students to complete a task that

engages them with the course material and requires attendance for a randomly

chosen lecture. The student incurs a utility loss if the task is not completed.

The model illustrates the effects of intervention timing: If the randomly chosen

lecture is early in the semester, the intervention 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 affect students whose engagement would

have dropped otherwise and “them over the hump.” Finally, if the randomly

chosen lecture is later, the cost of engaging in 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.

We implemented a corresponding field experiment mirroring the theoretical

analysis in three undergraduate 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 they would be assigned the additional task of taking

notes for one of the remaining 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.

For the 571 students who participated in the experiment, we obtain basic

demographics as well as academic information (major, academic performance).

In addition, we obtain the full transcripts (as of the end of the experiment

semester) for all students in the two larger classes (90% of students).

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

term, compared to earlier or later weeks, had better engagement as measured

by attendance and homework submissions. “Low-ability” (defined as those with

below median pre-intervention GPA) students who were assigned to the middle

of the semester also achieved higher exam performance than those assigned to

earlier or later weeks. In practice, it may or may not be possible to implement a

task for which one can assign all participants to the optimal intervention date.
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If not, an important question would be how to identify those who would most

benefit 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 as students who are 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. We calculate that, compared to an assignment in

the earlier weeks, an assignment in the middle weeks increases students’ monthly

wage after graduation by about 15.6%.

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 decay in engagement. Often interven-

tions are rolled out concurrently with the announcement or start of the class.

Others take place at “crunchtime” to prepare students for the final exam. Our

experiment illustrates that, when interventions are announced at the beginning

but assignment is delayed to a later time corresponding to a typical decay hori-

zon, people may change their behavior in the interim in anticipation of the costly

task. Our results suggest that a somewhat delayed intervention may be optimal

to induce the effort needed over time to reduce the cost of completing the in-

tervention 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).

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); Goss and Sonnemann (2017) for Aus-

tralia, Kingdon (2007) for India, Canadian Council on Learning (2007) for Canada,

Ministry of Education (2020) for South Korea, and Li and Lerner (2011) for

China). In addition, researchers have argued that the problem has worsened

over time. For example, Babcock and Marks (2011) documents that US college
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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 proposes intervention designs

to increase learning and learning outcomes, both in the US and internationally.

Studies have analyzed, for example, variations in incentives that combine learn-

ing 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 scholar-

ships (Angrist 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 ex-

ams in Israel (Angrist and Lavy, 2009). Several of these studies, and many of the

studies discussed above, report limited effects of financial and other incentives

on student learning and educational outcomes. We contribute to the existing

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

incentives with the gradual decay 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). Building upon this strand

of literature, which focuses on static decisions, we evaluate the effect of aligning

the timing of an educational intervention with the timing of the decay on indi-

vidual learning dynamics, both theoretically and experimentally. A more related

laboratory experiment by Boosey and Goerg (2020) finds that subjects’ output

increases when the bonus is paid in the middle instead of upfront or at the end.

Here, the proposed mechanism is that workers would increase their first-period

effort to signal trustworthiness if the bonus is paid in the middle.

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

retical framework. Section 3 presents our intervention. Section 4 discusses the

results, and Section 5 concludes.
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2 Model

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

educational investment increasing over the course of a learning activity, and the

importance of fine-tuning the timing of educational interventions.

Consider a semester that lasts 1 unit of time. At the beginning of the semester

(t = 0), a student makes a plan and decides for each moment t ∈ [0, 1] of the

semester whether to exert effort (et = 1) or not (et = 0).

The cost of exerting effort at time t is 1
ac(t,∆), where ∆ is the sum of

effort not exerted by time t, i.e., the fraction of time that et = 0 up until time

t, ∆ =
∫ t
s=0 1{es=0}ds. a > 0 captures a student’s ability. We assume that

∂c(t,∆)
∂t > 0, i. e., that the course is getting more difficult as time passes by. In

addition, we assume that students who stop exerting effort at any time t during

the course of the semester face higher effort costs subsequently. Under standard

exponential discounting with discount rate δ ∈ (0, 1),

Assumption 1 (Student Cost Function). ∀0 < ∆ < t ≤ 1,
∫ t

0 e
−δxc(x, 0)dx −

(
∫ ∆

0 0dx+
∫ t

∆ e
−δxc(x,∆)dx) < 0.

This assumption reflects that course content builds on past material and

is a plausible assumption for STEM courses analyzed in our experiment.3 In

addition, the assumption implies that it is cost-minimizing for students to adopt

a threshold strategy: keep exerting effort until ts, and stop exerting effort for

all remaining time afterwards. Therefore, ∀t ≤ ts, ∆ = 0 and c(t,∆) = c(t).

Additionally, we assume c(t) ∈ [0, 1] and c(0) = 0.

We model students’ academic performance as a binary outcome, Bad or

Good, realized at t = 1, with the associated utilities normalized to 0 for outcome

B (normalized to 0) and G (normalized to 1). The probability of achieving the

good outcome is determined by the total effort exerted in the whole semester,∫ 1
0 etdt, which is equal to ts under the cost-minimizing strategy.

Note-Taking Activity: Now we introduce the experimental intervention: a

3In our data, missing one lecture decreases a student’s probability of attending the subse-
quent lecture by 37%.
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note-taking activity. The instructor randomly assigns a student to take notes

at tN ∈ [0, 1]. If a student does not exert effort in that moment, thus failing to

complete this assignment, she suffers an instantaneous utility loss S.

Altogether, given tN , at t = 0, the total discounted utility of a student with

ability a, V (a, ts, tN ), is defined below,

V (a, ts, tN ) = e−δts − 1{ts<tN}e−δt
N
S − 1

a

∫ ts

0
e−δxc(x)dx (1)

Further define U(a, ts) = e−δts− 1
a

∫ ts
0 e−δxc(x)dx, which is a student’s utility

of stopping at ts, regardless of the impact of treatment.

Student’s optimal stopping choice: Given tN , a student with ability a

chooses ts∗ to maximize her total discounted utility,

ts∗(a, tN ) = arg max
ts

V (a, ts, tN )

Instructor’s optimal choice of tN : The instructor believes that the PDF of

ability is F (a). She would like to choose tN ∈ [0, 1] to maximize the expected

total effort exerted by a student,

tN∗ = arg max
tN

∫ ∞
0

ts∗(a, tN )F (a)da (2)

To solve instructor’s maximization problem, we first analyze how students

respond to a given tN . For simplicity, we impose a technical assumption on

the shape of the cost function to refine the number of solutions in the student’s

maximization problem. Assumption 2 simply does not allow for cost functions

that are sometimes concave and sometimes convex across time. Common cost

functions that are entirely linear, concave, or convex for all time periods all

satisfy Assumption 2.

Assumption 2. ∀tx, ty ∈ [0, 1], ∂2c(t)
∂t2
|t=tx ×

∂2c(t)
∂t2
|t=ty ≥ 0.

Lemma 1. 1. If a ≥ ā, ts∗(a, tN ) = 1;

2. If a < ā,

7



ts∗(a, tN ) ∈


{t0(a), tN , 1}, if tN > t0(a)

{t0(a), 1}, if tN ≤ t0(a)

where t0(a) = min{t ∈ (0, 1)|∂V (a,ts,tN )
∂ts = 0}.

Proof. First, ∂V (a,ts,tN )
∂ts = e−δ − 1

ae
−δtsc(ts). Let ā = sup e−δt

s
c(ts)

e−δ

1. When a ≥ ā,

∂V (a,ts,tN )
∂ts = e−δ − 1

ae
−δtsc(ts) ≥ 0 and −1{ts<tN}e−δt

N
S is non-decreasing

in ts, thus V (a, ts, tN ) is non-decreasing in ts. Therefore, it is always

optimal to stop at ts = 1, i.e., ts∗(a, tN ) = 1.

2. When a < ā,

∃t′, ∂V (a,ts,tN )
∂ts |ts=t′ < 0. Moreover, ∂V (a,ts,tN )

∂ts |ts=0 > 0. The interme-

diate value theorem (IVT) guarantees that ∃t ∈ [0, t′], ∂V (a,ts,tN )
∂ts |ts=t =

0. Furthermore, Assumption 2 guarantees that ∂V (a,ts,tN )
∂ts |ts=t = 0 has

at most 2 roots, and we denote the smallest root as t0(a) = min{t ∈

[0, 1]|∂V (a,ts,tN )
∂ts = 0}, which is the unique local maximum.

First, we can rule out stopping at t = 0 because V (a, t0(a), tN ) ≥ V (a, 0, tN ).

Second, we compare stopping at t0(a), tN and the ending of the semester.

(a) If tN > t0(a), the sign of V (a, tN , tN ) − V (a, t0(a), tN ) is indetermi-

nate.4 Similarly, the sign of V (a, 1, tN )−V (a, t0(a), tN ) and V (a, 1, tN )−

V (a, tN , tN ) are indeterminate as well, thus ts∗ ∈ {t0(a), tN , 1}.

(b) 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 = tN . However, the sign of V (a, 1, tN )−

V (a, t0(a), tN ) remains indeterminate. Therefore, ts∗ ∈ {t0(a), 1}.

4For example, if S = 0, as t0(a) is the local maximum, ∃ε > 0, and X = {t|0 < t−t0(a) < ε}.
Therefore, for tN ∈ X, we have V (a, tN , tN ) − V (a, t0(a), tN ) < 0. On the other hand, ∀
S > eδt

N

|e−δ − 1
a
|, V (a, tN , tN )− V (a, t0(a), tN ) > 0.
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Lemma 1 has the following implications. First, students with high ability

(a ≥ ā) will always exert effort in all lectures regardless of tN . Second, for

students with low ability (a < ā), the optimal stopping point ts∗ lies in a limited

set. Additionally, whenever the timing of the task is too early (tN < t0(a)), tN

will not serve as a potential optimal stopping point. 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 at an earlier time than those

with lower ability.

2.1 Linear Cost Function

To derive an explicit solution for the students’ optimal stopping timing, we

consider the linear cost function c(t) = t. With this linear form cost function,

we show that low ability students may exert more effort with tN assigned in

the middle than they would have otherwise, and the effort is maximized when

tN = tN (a).

Lemma 2. With c(t) = t, ā = 1.

1. If a ≥ ā, ts∗(a, tN ) = 1;

2. If a < ā,

ts∗(a, tN ) =


t0(a), if tN > tN (a)

tN , if t0(a) < tN ≤ tN (a)

t0(a), if tN ≤ t0(a)

t0(a) = −1
δW0(−aδe−δ), where W0 is the Lambert W function;

tN (a) = min{t ∈ [t0(a), 1)|V (a, t, tN )− V (a, t0(a), tN ) ≤ 0}.

Proof. 1. When a ≥ ā,

By Lemma 1, we have ts∗(a, tN ) = 1.
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2. When a < ā, ∀ts ∈ [0, 1], ∂
2V (a,ts,tN )
∂(ts)2 = − 1

a(e−δt
s − δe−δtsts) < 0. Combin-

ing with Lemma 1, this implies that there exists t0(a) = −1
δW0(−aδe−δ) ∈

[0, 1], ∂V (a,ts,tN )
∂ts |ts=t0(a) = 0.

• If tN > t0(a), Lemma 1 implies that ts∗ ∈ {t0(a), tN , 1}. Simi-

larly, since ∀ts ∈ [t0(a), 1], ∂V (a,ts,tN )
∂ts < 0, V (a, tN , tN ) > V (a, 1, tN ),

ts∗(a, tN ) 6= 1, we only need to compare V (a, tN , tN ) and V (a, t0(a), tN ).

Since V (a, x, tN ) − V (a, t0(a), tN ) is continuous and monotonically

decreasing in x > t0(a),

– If tN > tN (a), V (a, tN , tN ) − V (a, t0(a), tN ) < 0, ts∗(a, tN ) =

t0(a).

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

tN .

• If tN ≤ t0(a), Lemma 1 implies that ts∗ ∈ {t0(a), 1}. Since ∀ts ∈

[t0(a), 1], ∂V (a,ts,tN )
∂ts < 0, V (a, t0(a), tN ) > V (a, 1, tN ), ts∗(a, tN ) =

t0(a).

With the linear cost function, we derive two key insights in Lemma 2. First,

as we have discussed in Lemma 1, students of sufficiently high ability (those with

a ≥ ā) invariably exert effort across all lectures regardless of the task timing

tN . Second, for students with lower ability (those with a < ā), the optimal

stopping point, denoted ts∗, is contingent upon tN . Specifically, if the task is

scheduled either prematurely (tN < t0(a)) or excessively late (tN > tN ), tN

fails to constitute an effective optimal stopping point. Conversely, if the task is

timed intermediately (t0(a) ≤ tN ≤ tN ), the students’ optimal strategy involves

halting their effort at tN , thereby indicating that the timing of the task plays a

critical role in augmenting the students’ effort. Furthermore, it is at the juncture

tN = tN that the exerted effort reaches its pinnacle.

Figure 1 presents a simple numerical simulation of Lemma 2. The figure on

the left shows how students with different abilities a respond to tN . For a high
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Figure 1: Simulation of Lemma 2. We set δ = 0.8 and 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 two types of ability, a = 1 (solid
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 two types of students, and examine how
the total effort depends on task timing tN .

ability student with a = 1 (solid line), she always chooses ts∗ = 1 regardless

of tN . For a low ability student with a = 0.6 (dotted line), the choice of ts∗ is

contingent on tN . When tN is appropriately chosen in the middle, e.g., tN = 0.6,

they will possibly exert more effort; if tN is too early or too late, then it is not

effective in increasing students’ effort. Assuming the probability of being each

ability type is 1/2, we also calculate the expected total effort from a student.

Compared to implementing the task in the very early or late of the semester,

setting tN in the middle of the semester, i.e., tN = 0.76, leads to highest total

effort.

Additionally, we show in Appendix A that when the discount rate is higher,

i.e., δ ≥ 1, habit formation may arise, i.e., it is optimal [** in some cases

**] for low ability students to continue exerting effort even after tN , suggesting

a long-term effect 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).
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3 Experimental Design

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

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

Courses. The three courses we conduct our experiment are all compulsory

courses for undergraduate students. Table 1 summarizes the main features for

each course. It is worthwhile to note that Course C has two parallel sections

offered by the same instructor. Students could chose the one that best fit their

schedule.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, Fisher’s Exact Test).

The Notes-Taking Task. The in-class activity we chose is notes-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 notes-taking

production process and the notes review period (Bohay et al., 2011; Piolat et

al., 2005; Kobayashi, 2005). 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. Besides, taking notes is simple

enough, so it would not discourage low-ability students from participating.6

Table 1: Course Description

Course % of Female Students # of Students # of Students Per Lecture

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

5We do not find significant differences in grades for these two sections, and pool the data
together in the results section.

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

In our experiment, students are randomly assigned to take notes in a lecture

starting from the third week to the end of the semester.7 Table A1 to Table 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

notes-taking task. The likelihood of submitting the 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.8 The response rate is 70.2% for the pre-experiment survey and

60.8% for the post-experiment survey.

The details of our experiment implementation could be found in Section B.

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 and report robustness checks. Since we use transcript data to

construct the ability measure for the heterogeneous treatment effects analysis,

which is only available to the Course C, we restrict all following analysis to that

course. Our main results are robust when we include all three courses in the

analysis (see Section 4.4).

4.1 Aggregate Treatment Effects

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

presents the regression where the dependent variable is whether an individual

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.

8The detailed survey could be found on xxx.osf.io.
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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 coeffients 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.

Table 2: Treatment Effects on Attendance

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

Task Timing/100 2.336** 2.077** 2.336** 2.077**
(1.044) (0.988) (1.045) (0.988)

Task Timing2/100 -0.061** -0.055** -0.061** -0.055**
(0.028) (0.027) (0.028) (0.027)

Lecture Index/100 -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. Control variables include gender, in-
ternational 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.

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

as well.

Table 3: Treatment Effects on Homework Submission

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

Task Timing/100 1.749*** 1.676*** 1.749*** 1.676***
(0.620) (0.582) (0.621) (0.582)

Task Timing2/100 -0.046*** -0.044*** -0.046*** -0.044***
(0.017) (0.016) (0.017) (0.016)

Homework Index/100 -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. 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.

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

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

the notes-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 rela-

tionship 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.
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Table 4: Treatment Effects on Exam Grades

Midterm Exam Final Exam
(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.

4.2 Heterogeneous Treatment Effects

As shown in our theoretical analysis, we predict that students will all exert

more effort when assigned to the middle of the semester, but only students with

low ability will have better exam performance under middle assignment. 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 incentive may exert displacement effect that

decreases the intrinsic motivation of low ability students. Moreover, Campos-

Mercade and Wengström (2020) finds that the removal of incentives leads to

worse performances from low-ability students. The intervention proposed in

our papers holds promise towards low-ability students as it allows to target the

moment when they start to disengage from the class material.9

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

for all students in Course C, and calculate the credit-weighted average grades

9Other 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,
Bellés-Obrero (2020) find that rewarding monetary incentives to top-performance students has
a positive impact on the exam grade of students with high intrinsic motivation, but a negative
impact on the grade of those with low intrinsic motivation.
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point (GPA) of each student. Using the medium value of pre-experiment GPA

as a cutoff, we separate students into two groups, where those who have above

(below)-median pre-experiment GPA are labelled as high (low) ability students

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, the 63th percentile of the semester’s temporal

span.10

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

ability students’ exam grades is more pronounced.

Moreover, In Tables A5 and A6, we also show that Result 1 and Result 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, the 59th percentile of

the semester’s temporal span. 11

4.3 Spillover Effects and Returns to Education

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 courses was significantly affected by the task timing. Specifi-

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

10We 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.

11Similarly, 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 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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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 somewhat to the subsequent semester. We summarize these

findings in Result 4.

Table 6: Spillover Effect

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.

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
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subsequent semesters.

Moreover, we estimate how our intervention could affect students’ monthly

wage after graduation. Combining survey and administrative data from an elite

Chinese university, Zou et al. (2022) estimate that 1 unit increase in GPA in-

creases economics and business major students’ starting monthly wage by 2.96%.

Based on this estimation, we do a simple back-of-the-envelope calculation to

demonstrate the economic return of our intervention. Combining the effect of

our intervention on the targeting course as well as the spillover effect in other

courses (Column 2 of Table 6), the monthly wage for those who assigned to the

middle is higher than those assigned to early or late. For example, on average,

students that are assigned to lecture 18 are 7.06 points higher in GPA than stu-

dents who are assigned to lecture 6. For a student in a 4-year undergraduate

program, given the optimal implementation of task in one course each semester

for the first 3 years, this effect roughly increases their overall GPA by 5.30,

consequently leading to a 15.67% increase in the monthly wage.

4.4 Robustness Checks

Full Sample with Three Courses

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

when expanding the analysis to the full sample with three courses. As shown in

Tables 7 and 8, Results 1 and 2continue to hold. Similar to Table 4, we do not

find significant results on academic performance for the full sample (Table 9).
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Table 7: Treatment Effects on Attendance, Robustness Table

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

Task Timing/100 1.875** 1.525** 1.879** 1.523**
(0.733) (0.682) (0.735) (0.683)

Task Timing2/100 -0.050** -0.041** -0.050** -0.041**
(0.020) (0.018) (0.020) (0.018)

Lecture Index/100 -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.
Control variables include female, international student, STEM major, postpon-
ing 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 8: Treatment Effects on Homework Submission, Robustness Table

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

Task Timing/100 1.175** 1.103** 1.178** 1.103**
(0.512) (0.469) (0.512) (0.469)

Task Timing2/100 -0.029** -0.027** -0.030** -0.027**
(0.013) (0.012) (0.013) (0.012)

Homework Index/100 -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
indicates 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.
Control variables include female, international student, STEM major, postpon-
ing 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 9: 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.

Alternative Ability Measure

As analysis in Section 4.2 and 4.3 are restricted to students who take Course

C, we use an alternative ability measure which covers all students in our ex-

periment. This is whether a student postpones taking the course, e.g., a senior

student takes the second-year stats course.12

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 timeframe (p < 0.01, two-sided t-test).

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 10 presents the results for the grades. The sign of all the coeffi-

cients remain the same. Table 11 presents the spillover effect results, and the

signs on the coefficients remain consistent.

12Students 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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Table 10: 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 11: Spillover Effect, 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.

4.4.1 Counterfactual Analysis

In Result 3, we showed that low ability students who are assigned to the middle

of the semester are more likely to have better academic performance. Since

everyone got assigned the notes-taking task, one natural question is: can the

notes-taking task help students achieve better academic performance compared

to those who are not assigned the task at all? We address this question by

comparing the final grades of Course C in the 2020 Fall semester to the grades

in previous semesters when no notes-taking assignment was implemented. We

would expect the gap between grades of high-ability and low-ability students to

narrow. Figure 2 presents the dynamic pattern of the final grade gap between

high-ability and low-ability students. Using the final grade gap in 2017 - 2019

semesters, we estimate an linear OLS model to predict a counterfactual final

grade gap for the 2020 semester if there is no assignment. We find that the

realized grade gap is smaller than the counterfactual value. Additionally, when

we divide the class into five groups according to the task timing, and plot the
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final grade gap, we find that the final grade gaps for Groups 2-5 are all smaller

than the counterfactual value.

Figure 2: Counterfactual analyses. For each semester, we calculate the GPA of
historical semesters for each student, and label them into high/low ability groups
according to the median, and calculate the gap between these two groups (the
4 hollow circles). For semester 2020, we evenly split low ability students into 5
groups according to the task timing, where group 1 is the earliest and group 5
is the latest. For each group, we display the difference between its group mean
and the average grade of all high ability students (5 different types of markers).
Utilizing transcript data in semester 2017, 2018 and 2019, we estimate an OLS
model and predict the counterfactual gap in 2020 (the black circle).

5 Conclusion

Students engagement decay is a notoriously challenging problem in education.

Intuitively, a student would keep exerting effort until the marginal cost exceeds

the marginal benefit, and the increasing cost of exerting effort over time could
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lead to the engagement decay. One mechanism which is often used in practice

is for instructors to assign an additional task accompanying with benefit right

after the falloff to increase the overall effort exerted by students. We theoretically

analyze that the timing dimension of such intervention, which is rarely examined

in the literature, is essential to the effectiveness of intervention, especially for

low-ability students.

To test our theoretical predictions, we conducted a field experiment in un-

dergraduate classes. We randomly assign students to different lectures to finish

notes-taking tasks and test whether the timing of interventions matters in im-

proving the academic performance of students. The experimental results show

that assigning students to the middle of the term help those low ability students

achieve higher academic performance. We also document a spillover effect, indi-

cating that those students who are assigned to the middle of the semester also

achieve higher grades in other courses. Furthermore, we estimate the long-term

welfare effect of the treatment. For example, compared to students who are

assigned to lecture 6, those who are assigned to lecture 18 will have 0.7 higher

GPA, consequently leading to a 10.101 RMB increase in the monthly wage. We

do note one potential general equilibrium effect outside the scope of our current

study. If not implemented universally, students who dislike the public nature

of posting their notes or other such tasks might decide to avoid these classes

altogether.

Despite the high returns to education, students are likely to get disengaged

over time, consequently leading to insufficient investment. The toolkit of behav-

ioral economics has been widely applied 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 another dimension of designing the

choice architecture: timing. Our results call for attention from both academic

researchers as well as education practitioners and policy makers.

Our analyses of students learning can apply to other repetitive behaviors

as well. Notice that one extension of the model (Appendix A) shows the pos-

sibility of a temporary intervention to have long-term impact, which happens
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when the time horizon is broad and the cost of exerting effort is not increasing

quickly. This is likely to be fulfilled in other scenarios where continuous effort is

needed in pursuing long-term goals, e.g., exercise (DellaVigna and Malmendier,

2006), alcohol abstinence (Schilbach, 2019), and skill development. Similar to

education, many people fall short of the established objective because they lack

persistent investment. We expect that a behavioral intervention with appropri-

ate implementation timing could potentially help people pull through the period

of stagnation and stay engaged even after the intervention. All these could be

tested in future work.
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term Impact of Matching and Rebate Subsidies When Public Goods Are Im-

pure: Field Experimental Evidence from the Carbon Offsetting Market,” Jour-

nal of Public Economics, 2016, 137, 70–78.

Kingdon, Geeta Gandhi, “The progress of school education in India,” Oxford

Review of Economic Policy, 2007, 23 (2), 168–195.
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Online Appendices

A Model Extension

In Section 2, we restrict the discount rate δ < 1 . In this section, we discuss the

case where δ ≥ 1 under c(t) = t. Given δ ≥ 1, now ∂2V (a,ts,tN )
∂ts2 is indeterminate.

Define D(a, tx, ty) = U(a, tx)−U(a, ty), which compares the difference of utility

between stopping at tx and ty. The Lemma below shows that even for a student

with ability a < ā, [** i.e., the benefit of exerting effort does not always

exceed the cost, it is possible that in some cases **], she may keep

exerting effort after finishing the assignment, i.e., forming the learning habit.

Lemma 3. 1. When a ≥ ah = {a|D(a, 1, t0(a)) = 0}, ts∗(a, tN ) = 1

2. When al ≤ a < ah, where al = {a|D(a, 1, t0(a)) = −e−δtN (a)S},

ts∗(a, tN ) =



t0(a), if 0 ≤ tN ≤ t0(a)

tN , if t0(a) < tN ≤ tN (a)

1, if tN (a) < tN ≤ tN (a)

t0(a), if tN (a) < tN

3. When a < al,

ts∗(a, tN ) =


t0(a), if tN > tN (a)

tN , if t0(a) < tN ≤ tN (a)

t0(a), if tN ≤ t0(a)

where, t0(a) = −1
δW0(−aδe−δ), tN (a) = min{t ∈ [t0(a), 1]|D(a, 1, t0(a)) ≤

−e−δtS}, tN (a) = min{t ∈ [t0(a), 1]|D(a, t, 1) ≤ 0}, tN (a) = min{t ∈ [t0(a), 1]|D(a, t, t0(a)) ≤

−e−δtS}

Proof. Firstly, we introduce the following remark,
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Remark 1. ∂D(a,1,t0(a))
∂a > 0.

Proof.

D(a, 1, t0(a)) =

∫ 1

t0(a)

∂U(a, ts)

∂ts
dt

∂[D(a, 1, t0(a))]

∂a
= −∂U(a, 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

(3)

Notice that
∂U(a,ts)
∂ts

∂a =
∂[e−δ− 1

a
e−δtt]

∂a > 0 and t0(a) < 1, hence

∂D(a,1,t0(a))
∂a > 0.

Next, we examine ts∗(a, tN ) for different a.

1. If a ≥ ā > ah, by Lemma 1, ts∗ = 1.

Next, we move to cases with a < ā. Now ∂V (a,ts,tN )
∂ts = e−δ − 1

ae
−δtsts = 0

has two roots, the smaller one is t0(a) = −1
δW0(−aδe−δ), while the larger

one is t−1(a) = −1
δW−1(−aδe−δ), and at least the smaller one of the two

roots, t0(a), is on [0, 1]. ∂V (a,ts,tN )
∂ts > 0 for ts ∈ [0, t0(a))

⋃
[t−1(a),∞),

∂V (a,ts,tN )
∂ts < 0 for ts ∈ [t0(a), t−1(a)).

2. If ā > a ≥ ah, the definition of ah guarantees that t−1(a) ∈ [0, 1]. Remark

1 implies that for a ≥ ah, D(a, 1, t0(a)) ≥ 0. V (a, 1, tN ) = U(a, 1) >

U(a, t0(a)) ≥ V (a, t0(a), tN ), hence ts∗ 6= t0(a). We further consider the

location of tN ,

• If tN < t0(a), Lemma 1 implies that ts∗ = 1.

• If tN ≥ t0(a),

– If tN ∈ [t0(a), t−1(a)), ∂V (a,ts,tN )
∂ts < 0 hence U(a, t0(a)) > U(a, tN ),

ts∗ 6= tN , then ts∗ = 1.

– If tN ∈ [t−1(a), 1), ∂V (a,ts,tN )
∂ts > 0 hence V (a, 1, tN ) = U(a, 1) >

U(a, tN ) = V (a, tN , tN ), ts∗ 6= tN , then ts∗ = 1.
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Altogether, ∀ a ≥ ah, ts∗ = 1.

3. If al ≤ a < ah,

• If tN ≤ t0(a), Lemma 1 implies that we only need to compare V (a, t0(a), tN )

and V (a, 1, tN ). By Remark 1, with a < ah, D(a, 1, t0(a)) < 0, hence

V (a, t0(a), tN ) = U(a, t0(a)) > U(a, 1) = V (a, 1, tN ). Therefore,ts∗ =

t0(a).

• If t0(a) < tN , define tN (a) = min{t ∈ [t0(a), 1)|D(a, 1, t) ≤ 0} and

tN (a) = max{t ∈ [t0(a), 1]|D(a, 1, t0(a)) ≥ −e−δtS}. By the definition

of al, tN (a) ≤ tN (a). We discuss the following cases,

– If tN > tN (a) ≥ tN (a), V (a, tN , tN ) < V (a, t0(a), tN ) and V (a, 1, tN ) >

V (a, tN , tN ), hence ts∗ = t0(a).

– If tN (a) ≤ tN ≤ tN (a), V (a, 1, tN ) ≥ V (a, tN , tN ) and V (a, 1, tN ) ≥

V (a, t0(a), tN ), hence ts∗ = 1.

– If tN < tN (a) ≤ tN (a), V (a, 1, tN ) < V (a, tN , tN ) and V (a, 1, tN ) >

V (a, t0(a), tN ), hence ts∗ = tN .

4. If a < al, by Remark 1 and the definition of al, V (a, 1, tN ) < 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 Lemma 2, we have:

ts∗(a, tN ) =


t0(a), tN > t0(a)

tN , t0(a) < tN ≤ tN (a)

t0(a), tN ≤ t0(a)

Figure A1 presents a numerical example of Lemma 3. 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,
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Figure A1: Simulation of Lemma 3. 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 total effort depends on task timing tN .

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

total effort is maximized at tN = 0.85.
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B Experiment Implementation Details

Figure A2 illustrates the timeline of the experiment.

Lecture 5
Announce Experiment

Lecture i
Take Notes

Lecture i+ 1
Share Notes

Final Exam

Pre-Experiment Survey Post-Experiment Survey

Figure A2: Experiment Timeline

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 e-learning platform 13 and WeChat group14 to ask

students to complete the survey. Figure A3 provides a sample notice on the e-

learning platform, while the content is similar for the post in the WeChat group.

The survey is due right before the day of lecture 5.

Figure A3: Pre-experiment Survey distribution via the e-learning platform notice

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

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

schedule on both the e-learning platform and WeChat groups before. Figure A4

provides an example notice on the e-learning platform.

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

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

13The e-learning platform is an online platform for teaching and learning purpose. On this
platform, teachers and teaching sssistants could post notice, arrange assignments, and share
slides, while students could access course materials and information.

14WeChat 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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Figure A4: Announcement on the e-learning platform
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the WeChat group. Figure A5 provides an example of notice in 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

notes-taking task is not compulsory and does not affect the final grade.

Figure A5: Reminder of notes-taking in the WeChat group

Lecture i + 1: Share Notes. Among students who are assigned to the

lecture, we randomly select one of them to share the notes and to leave a voice

message in the class WeChat group. Almost all students participated in this

activity.15 After students share their notes, all students are asked to rate on the

quality of the notes from 0 to 100 points in the WeChat groups. To encourage

them to rate, we randomly select one winner for each selected note and distribute

small gifts such as USB drivers and calculators.16 Figure A6 provides an example

of notes-sharing and rating in the WeChat group. On average, each note received

12 ratings and the rating frequency declines over the weeks.

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

the final exam via the e-learning platform and the WeChat group.

15Only 2 students refused to post their notes.
16Specifically, student i’s probability of winning the gift P iwin is: P iwin = (100−|Si−S̄|)2∑N

i=1[(100−|Si−S̄|)2]
,

where N is the number of ratings, S̄ is the median score of ratings, and Si is the rating score
for student i.
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Figure A6: Notes-sharing and rating in the WeChat group

Figure A7: Post-experiment Survey distribution via the e-learning platform no-
tice
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C Randomization Check

Table A1: Course A Randomization

Lecture
Index

Female Whether
Matched

STEM Major International

=0 =1 =0 =1 =0 =1 =0 =1

6 3 0 1 2 0 3 3 0
7 2 0 0 2 0 2 2 0
8 2 0 2 0 0 2 2 0
9 3 0 0 3 0 3 3 0
10 2 0 0 2 0 2 2 0
11 2 0 0 2 0 2 2 0
12 2 0 0 2 0 2 2 0
13 3 0 0 3 0 3 3 0
14 2 0 0 2 0 2 2 0
16 2 0 1 1 0 2 2 0
17 3 0 0 3 0 3 3 0
18 2 0 0 2 0 2 2 0
19 2 0 0 2 0 2 2 0
20 2 0 0 2 0 2 2 0
21 3 0 1 2 0 3 3 0
22 2 0 0 2 0 2 2 0
23 2 0 1 1 0 2 2 0
24 3 0 0 3 0 3 3 0
25 2 0 0 2 0 2 2 0
26 2 0 1 1 0 2 2 0
27 1 1 0 2 0 2 2 0
28 3 0 0 3 0 3 3 0
29 2 0 0 2 0 2 2 0
30 2 0 0 2 0 2 2 0
31 2 0 1 1 0 2 2 0

χ2 Test
p-value

0.260 0.206 / /

Notes: In the experiment, we excluded the first 4 lectures that lied in shopping periods, announced the experiment
schedule in lecture 5, and students are randomly assigned from remaining lectures (from lecture 6 to lecture 31).
Each cell represents that for each task timing, how many students have the corresponding characteristics.
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Table A2: Course B Randomization

Lecture
Index

Female Whether
Matched

STEM Major International

=0 =1 =0 =1 =0 =1 =0 =1

6 6 1 0 7 0 7 7 0
7 4 3 0 7 3 4 7 0
8 5 1 0 6 2 4 6 0
9 6 1 0 7 0 7 7 0
10 5 1 0 6 2 4 6 0
11 5 2 0 7 2 5 7 0
12 5 1 0 6 0 6 5 1
13 3 4 0 7 6 1 7 0
14 2 4 1 5 2 4 6 0
15 6 1 0 7 2 5 7 0
16 3 3 0 6 0 6 6 0
17 4 3 0 7 2 5 7 0
18 4 2 0 6 1 5 6 0
19 4 3 0 7 3 4 7 0
20 5 2 0 7 2 5 6 1
21 3 3 0 6 1 5 6 0
22 4 3 0 7 2 5 7 0
23 5 1 1 5 2 4 5 1
24 5 2 0 7 3 4 7 0
25 4 2 0 6 3 3 6 0
26 5 2 0 7 2 5 7 0
27 4 2 1 5 2 4 6 0
28 5 2 0 7 0 7 7 0
29 4 2 0 6 1 5 6 0
30 6 1 0 7 2 5 7 0
31 6 0 0 6 3 3 6 0

χ2 Test
p-value

0.815 0.419 0.189 0.496

Notes: In the experiment, we excluded the first 4 lectures that lied in shopping periods, announced the experiment
schedule in lecture 5, and students are randomly assigned from remaining lectures (from lecture 6 to lecture 31).
Each cell represents that for each task timing, how many students have the corresponding characteristics.
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Table A3: Course C1 Randomization

Lecture
Index

Female Whether
Matched

STEM Major International

=0 =1 =0 =1 =0 =1 =0 =1

6 5 2 5 2 7 0 6 1
7 2 5 3 4 7 0 7 0
8 4 3 3 4 7 0 7 0
9 3 3 3 3 6 0 4 2
10 3 4 3 4 7 0 6 1
11 2 5 3 4 7 0 6 1
12 3 3 4 2 6 0 6 0
13 2 5 2 5 7 0 7 0
14 4 3 3 4 7 0 5 2
15 3 3 2 4 6 0 6 0
17 3 4 1 6 7 0 6 1
18 1 6 4 3 7 0 5 2
19 5 1 2 4 6 0 6 0
20 5 2 4 3 7 0 7 0
21 4 3 5 2 7 0 5 2
22 0 6 4 2 6 0 5 1
23 4 3 1 6 7 0 6 1
24 2 5 3 4 7 0 7 0
25 2 4 3 3 6 0 4 2
26 4 3 2 5 7 0 7 0
27 5 2 3 4 7 0 6 1
28 3 3 3 3 6 0 6 0
29 3 4 4 3 7 0 5 2
30 4 3 3 4 7 0 7 0
31 2 4 2 4 6 0 5 1

χ2 Test
p-value

0.506 0.901 / 0.526

Notes: In the experiment, we excluded the first 4 lectures that lied in shopping periods, announced the experiment
schedule in lecture 5, and students are randomly assigned from remaining lectures (from lecture 6 to lecture 31).
Each cell represents that for each task timing, how many students have the corresponding characteristics.

46



Table A4: Course C2 Randomization

Lecture
Index

Female Whether
Matched

STEM Major International

=0 =1 =0 =1 =0 =1 =0 =1

6 3 5 3 5 8 0 8 0
7 3 4 1 6 7 0 5 2
8 3 4 2 5 7 0 5 2
9 1 6 0 7 7 0 5 2
10 2 5 1 6 7 0 6 1
11 4 3 0 7 7 0 5 2
12 4 3 2 5 7 0 6 1
13 1 6 1 6 7 0 6 1
14 5 2 1 6 7 0 5 2
15 2 5 2 5 7 0 5 2
17 1 6 0 7 7 0 6 1
18 2 5 0 7 7 0 6 1
19 6 2 0 8 8 0 7 1
20 3 4 1 6 7 0 5 2
21 1 6 2 5 7 0 5 2
22 3 4 2 5 7 0 7 0
23 2 5 1 6 7 0 7 0
24 3 4 0 7 7 0 6 1
25 4 3 3 4 7 0 3 4
26 2 5 0 7 7 0 7 0
27 6 1 2 5 7 0 6 1
28 5 2 1 6 7 0 4 3
29 3 4 2 5 7 0 6 1
30 0 7 1 6 7 0 6 1
31 3 4 1 6 7 0 5 2

χ2 Test
p-value

0.109 0.609 / 0.685

Notes: In the experiment, we excluded the first 4 lectures that lied in shopping periods, announced the experiment
schedule in lecture 5, and students are randomly assigned from remaining lectures (from lecture 6 to lecture 31).
Each cell represents that for each task timing, how many students have the corresponding characteristics.

D Heterogeneity in Treatment Effect on Attendance

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

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

Task Timing/100 2.668* 2.391* 2.277 2.215
(1.517) (1.440) (1.464) (1.379)

Task Timing2/100 -0.072* -0.067* -0.057 -0.056
(0.041) (0.038) (0.040) (0.038)

Lecture Index/100 -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. Control variables include female, international student, and
postponing taking the course dummies. Standard errors clustered at student
level are reported in parentheses. ***, **, and * indicate statistical significance
at the 1%, 5%, and 10% levels, respectively.

Table A6: Treatment Effects on High vs. Low Ability Students Homework
Grades

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

Task Timing/100 3.300*** 3.110*** 0.394 0.376
(1.145) (1.051) (0.441) (0.413)

Task Timing2/100 -0.088*** -0.084*** -0.009 -0.008
(0.031) (0.028) (0.011) (0.010)

Homework Index/100 -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 attends a lecture or not, on the task timing and
its quadratic term. Control variables include female, international student, and
postponing taking the course 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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