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1 Introduction

We face a global learning crisis, with millions of children lacking basic literacy and numeracy
skills despite being in school (World Bank, 2017). This underscores the need to identify which
inputs in the education production function can effectively raise student achievement. While
considerable advances are being made in understanding the role of material inputs in the class-
room (Evans and Popova, 2016; Glewwe and Muralidharan, 2016), the role of relational inputs
—that is, personal interactions between students and teachers— remains less well understood.
Such interactions can signal personalized teacher attention and affect whether a student feels no-
ticed, monitored, or supported. In this paper, we study whether signaling teacher attention
through personalized communication can improve student achievement.

Identifying the causal effects of personalized teacher attention is challenging due to various
reasons. Teachers typically endogenously decide which students to pay particular attention
to, making it difficult to separate the impact of teacher attention from student characteristics
or unobserved classroom dynamics. Further, teachers routinely give performance feedback
to students via standardized report cards, so isolating the marginal effect of additional atten-
tion is non-trivial. The effects of signaling personalized teacher attention are also theoretically
ambiguous. Personalized messages conveying performance information or expectations may
motivate students by signaling teacher care and raising aspirations. At the same time, such
messages may discourage effort if students interpret increased attention as close monitoring
or pressure. Additionally, the effect of these messages may also depend on peer interactions.
Peer encouragement can be reinforcing in supportive environments but could also trigger de-
motivating social comparisons.

In this paper, we study how signaling teacher attention through personalized communication
affects student achievement using a clustered randomized controlled trial that varies whether
students receive personalized messages on behalf of their teacher and the content of those
messages. We randomize students across 288 classrooms in Pakistan to receive either: (i) per-
sonalized information about past math performance, (ii) the same information bundled with
a teacher-set performance expectation randomly framed as either attainable or ambitious, (iii)
additional peer pairing for mutual encouragement, or (iv) no message. This design allows us
to causally identify the role of signaling personalized teacher attention, test whether communi-
cating teacher-set performance expectations adds further value in signaling teacher attention,
and examine how the ambitiousness of expectations and peer interactions affect students’ re-
sponses to teacher communication.

We find that both personalized communication of performance information and teacher-set ex-
pectations increase math achievement by 0.18–0.21σ, with no statistically significant difference
between them. Effects are largest among lower-performing students, consistent with person-
alized teacher attention being particularly motivating for students at the bottom of the distri-
bution. While communicating personalized expectations does not outperform communicating
past performance information on average, students randomized to receive more ambitious ex-
pectations experience larger gains, and those with larger gaps between baseline performance
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and expectations show persistent improvements 12–18 months later. In contrast, peer pairing
has no average effect and only improves outcomes when students are matched with friends
or peers similar in achievement and expectations; mismatched peers have lower performance,
suggesting demotivating effects from negative social comparison. Together, these findings
suggest that signals of teacher attention can be an effective input in the education production
function.

We conducted our experiment in partnership with a large private school chain in Pakistan,
catering to middle- and upper-middle-income families. To construct realistic and meaningful
teacher-authored personalized messages, we reminded all teachers of each student’s most re-
cent math test score1 and asked them to set two student-specific performance benchmarks. For
each student, teachers completed both statements: (a) “I expect the student to work hard and
improve to achieve at least X (out of 100%) in upcoming exams and tests” (High Expectations)
and (b) “I expect the student to work hard and improve and I think that even Y (out of 100%) is
achievable in upcoming exams and tests” (Very High Expectations).2 Eliciting these benchmarks
for all students prior to randomization allows us to isolate the causal effect of communicating
personalized expectations—holding expectation setting fixed—and to test whether more am-
bitious benchmarks produce stronger responses as signals of personalized teacher attention.

We then randomly divided the classrooms into four groups. In the Information Arm, students
received a private message—sent on behalf of their teacher—reporting their past math perfor-
mance. In the Expectations Arm, students received the same performance information bundled
with a personalized teacher-set performance benchmark, framed either as the High Expectations
or Very High Expectations statement. In the Peer Arm, students received the expectations mes-
sage and were additionally paired with a randomly chosen classmate for mutual encourage-
ment. Students in the Control group received no message. Messages were delivered privately
through the school’s online platform, and teachers were blinded to student treatment status to
prevent differential instruction or encouragement across students.

This design delivers three sources of identifying variation. First, randomizing the delivery of
personal messages from the teacher identifies the effect of signaling personalized teacher at-
tention. Second, comparing expectations to information isolates whether teacher-set goals add
value beyond past performance information. Third, random variation in goal ambitiousness
and peer pairing allows us to assess when ambitious goals and peer interactions strengthen or
weaken students’ responses to personalized teacher communication.

Our main outcomes are student scores in standardized, high-stakes Mathematics and English
exams, administered 2–4 weeks and six months after the intervention. To study longer-term ef-
fects, we use administrative test score data 12 and 18 months after the start of the intervention,
and we conduct a follow-up student survey to understand how the messages are interpreted.

1This mitigates concerns that teachers may not know students’ performance (Djaker et al., 2024) or that reported
benchmarks reflect stereotypes rather than ability. We find no systematic differences in elicited benchmarks by
student gender, wealth, or age (Figure A.4.1).

2Teachers were informed that these statements may be communicated to students, but did not know for which
students or classes.

2



The experiment yields three main findings. First, signaling teacher attention through per-
sonalized communication substantially increases math achievement. Students who receive
teacher-set expectations score 0.21σ higher than the control group (p<0.01), and students who
receive performance information alone score 0.18σ higher. Importantly, the effects of commu-
nicating personalized expectations and past performance information are statistically indistin-
guishable, suggesting that it is the act of personalized teacher communication—rather than its
precise content—that drives much of the impact. This is also consistent with students inter-
preting both messages as personalized attention and encouragement from the teacher in our
follow-up survey. Effects are concentrated among lower-performing students, consistent with
teacher attention being particularly meaningful at the bottom of the distribution.

Second, while expectations do not outperform information on average, the content of expec-
tations still matters. Students randomly assigned to receive the more ambitious (Very High)
expectation experience larger gains, and treatment effects increase with the gap between the
communicated benchmark and the student’s baseline performance: a 10 percentage point in-
crease in this gap raises achievement by about 2 percentage points.

Third, peer matching does not improve outcomes on average and reduces achievement relative
to communicated expectations alone. However, peer effects are sharply heterogeneous: en-
couragement helps when students are paired with friends or peers who are similar in baseline
achievement, but it harms performance when paired with higher-performing peers or peers
with higher teacher-set performance expectations. Survey responses indicate that unfavorable
social comparisons play an important role, highlighting peer interactions as a constraint on
scaling peer-based encouragement.

As expected, in the longer term (12 and 18 months after the start of the intervention), when we
no longer sustain personalized messages, we do not detect any positive average treatment ef-
fects. However, students whose teacher-set expectations substantially exceeded baseline per-
formance initially continue to perform better, suggesting that ambitious goals can generate
persistent gains for a subset of students even when average effects fade. Despite detecting
modest negative spillovers to English in the short term, we also do not detect any negative
spillovers in the longer run.

Our paper makes three contributions. First, we provide causal evidence that signaling teacher
attention through personalized communication can substantially improve student achieve-
ment. In doing so, we contribute to the literature on information provision to parents and
feedback to students (Andrabi et al., 2017; Barrera-Osorio et al., 2020; Bobba and Frisancho,
2022; Friedlander, 2020) by demonstrating that personalized performance messages can be
helpful even when they provide little new information, with students interpreting them as
signals of teacher attention and care. Importantly, by experimentally separating teacher-set
expectations from performance information, we show that performance information alone can
be as effective as communicated expectations. This is informative because performance infor-
mation and high expectations are often bundled together in successful schooling models and
reforms (Angrist et al., 2013; Fryer Jr, 2014) and our design allows us to isolate their impacts.
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Second, we evaluate the causal effect of teacher-set expectations as a form of personalized com-

munication. Expectations are typically endogenous and selectively conveyed (Friedrich et al.,

2015; Jussim and Harber, 2005; Papageorge et al., 2020), making their causal effects dif�cult

to identify. Our design holds expectation formation �xed by eliciting student-speci�c expec-

tations from all teachers prior to randomization and then varying whether these expectations

are communicated. We show that communicating expectations improves achievement, and

that more ambitious expectations generate larger gains, alleviating concerns that ambitious

goals necessarily discourage effort. In doing so, we also complement the large literature on

goal-setting interventions (Damgaard and Nielsen, 2018; Dobronyi et al., 2019; Morisano et al.,

2010; Oreopoulos and Petronijevic, 2019; Schippers et al., 2015) by showing that ambitious

teacher-set goals can be particularly effective at improving student achievement.

Third, we contribute to the large literature on peer effects in education (e.g.: Bifulco et al.

(2011); Bursztyn et al. (2019); Calvó-Armengol et al. (2009); Jackson et al. (2023); Lavy et al.

(2012); Shan and Zölitz (2025); Wu et al. (2023)) by showing that the effectiveness of peer en-

couragement depends on peer characteristics. Exploiting random peer assignment, we �nd

that peer encouragement helps only when peers are friends or similar in achievement and

teacher-set performance benchmarks, but can harm outcomes otherwise. This highlights so-

cial comparisons as a constraint that limits the effectiveness of peer-based interventions.

From a policy perspective, signaling personalized teacher attention is low-cost, non-invasive,

and highly scalable, meeting the generalizability criteria proposed in List (2022). Delivering

the intervention leverages existing school infrastructure and costs less than ten cents per 0.1s

gain in test scores, placing it among the most cost-effective learning interventions documented

(Beteille and Evans, 2019; Glewwe and Muralidharan, 2016).3 Importantly, our partner school

chain resembles many higher-income school systems in that class sizes are relatively small

(average of 20 students) and students receive regular performance feedback. The fact that per-

sonalized messages still generate sizable gains in this context suggests that effects may be even

larger in low- and middle-income settings where larger class sizes and higher student–teacher

ratios make signals of personalized teacher attention even more valuable.

We proceed as follows. Section 2 describes the setting; Sections 3 and 4 outline the design

and empirical strategy; Section 5 presents the results; Section 6 discusses mechanisms and

cost-effectiveness; and Section 7 concludes.

2 Context

The education system in Pakistan includes public, low-cost private, and private schools. The

incidence of private schools has grown rapidly over the years, with 42% of children in the

country enrolled in private schools (Andrabi et al., 2007; Qureshi and Razzaque, 2021). We

partnered with a large private school chain across Pakistan, catering to middle- and upper-

middle-income families. The schools have pre-primary (KG), primary (grades 1-5), lower-

secondary (grades 6-8), and secondary (grades 9-11) grades.

3We document the details of our cost-bene�t analysis in Section 6.
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We conducted our study in grades 3 to 8 across 288 classrooms in 15 geographically dispersed

schools (Appendix Figure A.1). 4 Our sample constitutes 1,537 students, taught by 118 math

teachers. There is considerable variation in student backgrounds within our sample. Approxi-

mately 44% of the schools cater to upper middle-income groups, while 38% to middle-income

groups. Nearly 90% of the schools report that parents have medium or high levels of literacy.

The average class size is around 20.

2.1 Data Sources

2.1.1 Academic Achievement

Each academic year has two terms, August to December and January to June. High-stakes

standardized tests in Math and English are administered in every grade once every term. We

collected administrative data from our partner schools, which included test scores for Math

and English at multiple points in time: (1) historical scores from 2019 and 2020, (2) June 2021

(at the end of the �rst term following our intervention, referred to as the “midline"), and (3)

December 2021 (at the end of the second term during our study, referred to as the “endline").

In addition to this, we also collected longer-term test scores at two points in time (1) June 2022

and (2) December 2022, i.e., after 12 and 18 months after the start of our intervention.

These standardized tests are designed by our partner schools' curriculum advisors at the head

of�ce, are the same across all schools, re�ect the curriculum being taught in different grades,

and are high stakes. The tests are standardized at the grade level. Math and English scores,

along with scores on other subjects, determine progression to the next grade.

2.1.2 Surveys

We conducted a baseline survey with students before the intervention to measure demographic

characteristics, classroom engagement, stress, intrinsic, and extrinsic motivation. Then, we

conducted a follow-up student survey six months after the end of the intervention (June 2022)

to understand how students interpreted various components of the information provided to

them. We also conducted focus groups with a subsample of students to further understand

how students interpreted the images. Additionally, we surveyed school heads to measure

school-speci�c attributes such as parental income, literacy, how often they provide information

about scores, and how this information is provided. 5

2.1.3 Personalized Messages from Teachers

We collected data from all teachers to construct personalized messages for students. To do this,

we reminded teachers of each student's most recent math test score and asked them to set two
4We worked with primary and secondary grades until grade 8 only because after this, students opt in to different
education systems such as the local matriculation board or the GCSE Ordinary Levels.

5Additionally, we conducted two rounds of online surveys and independent tests with students during the inter-
vention period and two rounds of surveys with teachers before and after the intervention. Response rates were
lower than expected, which limits statistical power to detect treatment effects using these measures. We therefore
do not focus on these results in the main text, but report them in an online appendix for completeness.
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student-speci�c performance benchmarks by �lling in the following statements:

1. “I expect the student to work hard and improve to achieve at least X (out of 100%) in

upcoming exams and tests.”

2. “I expect the student to work hard and improve, and I think that even Y (out of 100%) is

achievable in upcoming exams and tests.”

In addition to collecting these statements for all students, we separately asked teachers to

choose three general recommendations that they thought were most important to help all

students improve their performance from a pre-speci�ed list (compiled in consultation with

teachers outside our study sample). The recommendation choice list included `being more en-

gaged in the classroom', `asking questions', `practicing from the textbook', `practicing online',

`completing homework', `attending virtual classrooms', and `working with other students, or

their parents'. These non-personalized recommendations were included for all students in the

intervention infographic.

2.2 Descriptive Statistics

2.2.1 Student Characteristics

We present descriptive statistics for students in our sample in Table 1. Our sample includes

1,537 students from grades 3 to 8, between 6 to 15 years of age. 41% of the students are girls,

and 84% of the students speak Urdu, while 64% also speak English at home. We �nd that 95%

of the students report they want to get better at math. In addition, the majority of students

value education highly and aspire to pursue higher education, suggesting that they are mo-

tivated to work hard. At the same time, 32% report that they feel that they are not as good

at math, and over 52% report that they feel stressed about their current performance. More-

over, 75% of students report that they believe their teachers expect them to achieve over 90%.

We suspect that unrealistic beliefs about what the teacher expects from them could be driving

student stress.

Finally, the majority of students report feeling academically motivated by their peers (74%)

and report that peers do not trouble them for working hard (83%). To corroborate this further,

we measure student networks by asking students to list their friends in the classroom and

�nd that having more friends in the classroom is positively correlated with having higher

extrinsic motivation. This positive classroom environment distinguishes our setting from other

contexts that do not have conducive classroom norms, such as those in Bursztyn et al. (2017)

and Bursztyn et al. (2019). Aligned with this, 61% of teachers in our teacher survey (see below)

disagree with the notion that working hard is not considered 'cool' among students.

2.2.2 Teacher Characteristics

There are 118 teachers in our sample. 59% of them have a Master's degree and are predomi-

nantly ethnically Punjabi (Table A.1.3). About a third of teachers report concerns about class-
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Table 1: Summary Statistics of Students

Count Mean SD Min Max

Student Characteristics
Age 1,369 10.59 1.74 6.00 15.00
Adults per Room 1,315 0.56 0.34 0.07 3.00
Female 1,537 0.41 0.49 0.00 1.00
Speaks English at home 1,468 0.64 0.48 0.00 1.00
Speaks Urdu at home 1,537 0.84 0.37 0.00 1.00
Value of Education (1-5) 1,101 4.60 0.76 1.00 5.00
Aspires to obtain Master's degree or higher 814 0.85 0.36 0.00 1.00
Classroom Engagement
Weekly Hours doing Math Homework 1,370 2.96 4.22 0.00 30.00
Weekly Hours Studying Math 1,371 3.80 4.79 0.00 41.00
How often do you discuss math with your teacher? 1,385 1.71 0.98 0.00 3.00
How often do you discuss math with your parent? 1,385 1.79 1.10 0.00 3.00
How often do you discuss math with your peers? 1,385 0.98 0.97 0.00 3.00
Peer Characteristics
Number of Friends in the Classroom 1,537 4.07 2.64 0.00 10.00
Stress
Stressed about Own Performance 1,333 0.52 0.50 0.00 1.00
Stressed about Teacher's Expectations 817 0.46 0.50 0.00 1.00
Stressed about Peer's Expectations 817 0.31 0.46 0.00 1.00
Stressed about Parent's Expectations 817 0.62 0.49 0.00 1.00
Stress Index 817 0.48 0.38 0.00 1.00
Intrinsic Motivation
Feels not good at math 1,333 0.32 0.47 0.00 1.00
Feels they work hard at math 1,333 0.87 0.33 0.00 1.00
Wants to get better at math 1,333 0.95 0.22 0.00 1.00
Intrinsic Motivation Index 1,333 0.85 0.20 0.25 1.00
Extrinsic Motivation
Motivated by Peers 1,338 0.74 0.44 0.00 1.00
Troubled by Peers for Bad Performance 1,338 0.12 0.32 0.00 1.00
Troubled by Peers for Working Hard 1,338 0.17 0.38 0.00 1.00
Extrinsic Motivation Index 1,338 0.81 0.24 0.00 1.00

Note: The statistics are from the baseline student survey. Variables related to stress with regard to teacher's,
parent's or peer's expectations, and aspirations for higher studies were only collected for the older students (in
grade 5 and above) following a pilot of the survey. Students in grades 3 and 4 were asked to list up to 5 friends,
while those in older grades were asked to list 10 friends. Variables measuring the number of hours doing homework
or studying math exclude outliers above the 99 th percentile.

room disruption, attendance, or students not completing their homework (Table A.1.2). About

69% of teachers report that they think their encouragement matters the most for student per-

formance, compared to encouragement from parents and peers. When asked to think about

who would improve the most after receiving high performance expectations, only 23% of the

teachers report students at the bottom end of the distribution as their �rst choice, compared

to students at the middle or top end of the distribution. These baseline patterns motivate our

intervention as teachers are aware of the importance of their attention to students through

performance-related expectations but do not prioritize students at the bottom end of the score

distribution when thinking of conveying these expectations. These are students who can po-

tentially have the highest marginal bene�ts.

At the same time, teachers also acknowledge the motivational role of peers. 85% agree or

strongly agree that students care about what their friends think about them. In fact, 53% re-
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port that performance-related expectations should be conveyed to those who would be most

successful in encouraging others. This motivated the inclusion of the peer pairing arm in our

study design.

3 Experiment Design

Details of the design were pre-registered with the AEA RCT Registry under AEARCTR-

0007846. Figure 1 shows the randomization design.

We use a clustered randomized design at the classroom level and randomly allocate one-third

of classrooms to the Expectations Arm (where personalized information about past math per-

formance is bundled with a teacher-set performance expectation conveyed individually to a

student), one-third to the Peer Arm (where in addition to conveying student-speci�c high

teacher expectations individually to a student, students were randomly matched with another

classmate and asked to encourage each other),6 and one-third to a Comparison Group. Half

of the Comparison Group classrooms were randomized to receive a personalized reminder

about their last test score (Information Arm), and half were randomly selected to receive no

messages (Control Group). Further, half the students in the Expectations and Peer Arms were

randomly chosen to receive the “High” teacher expectation statement, and half received the

“Very High” teacher expectation statement with the corresponding statements outlined earlier

(Section 2.1.3).

Importantly, all teachers were blind to the treatment status of students to ensure they did not

selectively change their efforts towards any students. The randomization was strati�ed along

grade,7 gender composition of the school (co-educational or single gender) and whether the

average class math test score (%) in the preceding year (2020) was above or below the median.

Using historical test score data from our setting, we also conducted power calculations indi-

cating that the experiment can detect minimum effects of 0.13 standard deviations between

treatment and control arms. 8

3.1 Timeline

The timeline is as follows. Informed parental consent and student assent were obtained be-

tween March and May 2021. Personalized teacher messages were elicited and delivered by

mid-June. We collected administrative test score data on student performance in June/early

July. We sent two reminders to students –one at the start of the summer holidays and another

at the beginning of the new academic year in August. A �nal round of personalized mes-

sages with updated design graphics and scores was sent in November 2021 before the school

conducted its end-of-term exams in December 2021. A follow-up survey with school adminis-

trators and students was conducted between March to May 2022. Long-term student test score

6In the Peer Arm, we randomly matched students with another student of the same gender, taking into account the
cultural norms in the Pakistani context.

7We use a binary variable to indicate Grade 3 students (very young and unable to complete the survey without
enumerator instructions and outside of class) separately from grades 4-8 (older grades).

8Power calculations and deviations from the pre-analysis plan are detailed in Supplementary Appendix Section H.
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Figure 1: Randomization Design

data were collected in June and December 2022.

3.2 Format and Delivery of Personalized Messages

We delivered personalized messages via emails using the virtual learning infrastructure

(Google Classrooms)9 An enumerator was added to each Google Classroom as a co-teacher

to email students privately. While the emails were sent on behalf of the teachers, the teachers

were not able to see who the email was sent to or the content of the emails. We also con�rm in

the endline student survey that students did not report teachers spending any extra time talk-

ing with them after class, with no statistically signi�cant differences between treatment and

control groups.

Figure 2 shows the designed graphics sent out to each group. Students in the Information Arm

received a graphic with a simple image of a boy or a girl with their most recent Math score.

The graphic used to deliver teacher expectations positions each student as a superhero who

can work towards achieving the teacher-set performance expectations. The staircase includes

generic tips for all students on how to achieve the goal (as described earlier in Section 2.1.3).

Students in the Expectations Arm received their most recent math test score and teacher's ex-

pectation (“High” or “Very High”) according to their treatment status.Appendix Figure A.2.1

illustrates the difference in the “High” and “Very High” statements on the images.

In the Peer Arm, students �rst received a private email with their test scores and their (individ-

ual) teacher's expectations (just like the Expectations Arm). In addition, they also received a

joint email with their matched classmate with the additional line `We hope you both will encour-

age each other'. The joint email (and infographic) was to encourage students to support each

other. Importantly, the joint email did not contain any information about either student's test

scores or teacher expectations.

9This platform was regularly used by teachers to engage digitally with students.
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