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Abstract

Social accountability may fail to improve public service delivery when the community has
weak authority relative to the service provider. We tested incentive contracts, aimed at
strengthening community authority, based on either camera-verified teacher presence or com-
munity ratings of teacher performance in remote schools in Indonesia. When combined with
the former, community monitoring had the strongest and most persistent impact on student
learning. The results indicate that when a principal (community) has weak authority vis-a-
vis the agent (regular teachers), increasing that authority using an incomplete but verifiable
contract works better than using a more comprehensive but subjective one.

JEL Classifications: H52, 121, 125, 128, O15

Keywords: social accountability, community-based monitoring, teacher incentives, performance
pay, remote-area policy

*This study was registered in the American Economic Association Registry for randomized control trials under
trial AEARCTR~0003157. An earlier version of this paper was circulated under the title “Scores, Camera, Action:
Social Accountability and Teacher Incentives in Remote Areas”

fSam M. Walton College of Business. Department of Economics. Business Building 402, Fayetteville, AR
72701-1201. Email: agaduh@walton.uark.edu.

fDepartment of Development Economics, University of Amsterdam and Vrije Universiteit Amsterdam, De Boele-
laan 1105, 1081 HV Amsterdam, The Netherlands. Email: m.p.pradhan@uva.nl.

$GIGA Institute of Asian Studies, Rothenbaumchaussee 32, 20148 Hamburg, Germany. Email: jpricbe@uni-
goettingen.de.

YGlobal School Leaders, 12329 Culver Blvd, Los Angeles, CA 90066-6221. Email: dewiGglobalschoolleaders.org.


mailto:agaduh@walton.uark.edu
mailto:m.p.pradhan@uva.nl
mailto:jpriebe@uni-goettingen.de
mailto:jpriebe@uni-goettingen.de
mailto:dewi@globalschoolleaders.org

1 Introduction

Where a child grows up profoundly affects her future well-being (Chetty and Hendren, 2018;
Laliberté, 2021). In low- and middle-income countries (LMICs), growing up in more remote
areas hampers educational attainment (Alesina et al., 2021; van der Weide et al., 2021). To
address this gap, policymakers target resources to more remote and disadvantaged regions.
Evidence suggests that place-based education policies (e.g., school building and teacher de-
ployment) can reduce the access gap in education with measurable long-term impacts (see
e.g., Akresh et al., 2018; Duflo, 2001). Nonetheless, the learning gap between remote areas
and the rest of the country remains large (World Bank, 2018).

When the accountability of the public education system is weak, remoteness exacerbates
this learning gap (Mbiti, 2016). It increases the cost of top-down supervision, lowering ac-
countability for public spending (Muralidharan et al., 2017). Social accountability initiatives,
which build accountability through civic engagement, promise to reduce costly top-down su-
pervision. These initiatives try to empower citizens in their accountability relationships
vis-a-vis teachers and the school management by facilitating public access to service quality
information, participatory planning, citizen monitoring, and public grievance and redress
mechanisms (Fox, 2015). However, studies find that their ability to sustain learning im-
provement are limited when citizens lack authority over education providers (Muralidharan,
2017).

This paper investigates how to best empower citizens to improve learning outcomes in
remote areas. We test whether granting citizens the authority over regular teachers’ mone-
tary incentives improves the effectiveness of social accountability interventions. Most social
accountability initiatives do not grant communities control over extrinsic rewards such as
teacher pay or tenure. Duflo et al. (2015) shows that giving communities authority over
short-term contract teachers can improve learning outcomes. However, it remains an open
question whether this approach can be effective for regular teachers in LMICs. Regular pub-
lic school teachers are usually hired and fired by the government without community input,
and are better educated than the average parent in these rural communities. Consequently;,
they have stronger informal authority and are more able to resist attempts to hold them
accountable.

We use a randomized experiment to evaluate one basic and two enhanced social account-
ability treatments that targeted regular teachers in a large sample of mostly public primary
schools in Indonesia’s remote areas. Social Accountability Mechanism (SAM) is the basic
treatment that incorporates elements of participatory planning, public information provi-

sion, and citizen monitoring typical in social accountability initiatives. It aims to improve



the flow of information on teacher performance to communities, and provide them with a
direct channel to report to school administrators. Parents and teachers formulated a joint
agreement specifying their respective responsibilities to improve student learning upon receiv-
ing the results from a rapid student learning assessment. Communities used the agreement
to formulate teacher-specific scorecards, and established a user committee (UC) to monitor
and evaluate their implementation. Every month, the UC evaluations were discussed and
finalized in public meetings, and sent to the district education office.

The two enhanced social accountability treatments — SAM+Cam and SAM+Score —
augment SAM with an incentive contract that links teacher performance to the Teacher’s
Special Allowance (TSA). TSA is a government hardship allowance that is equivalent to
the base salary for regular (and mostly civil service) teachers working in remote areas.
Both treatments penalized this allowance for poorly performing TSA-receiving teachers.
In SAM+Cam, the penalty was based solely on the teacher’s presence indicator, verified
every month by the community based on teachers’ selfies taken at the start and end of every
workday using a specially provided smartphone camera.! In SAM+Score, the penalty was
based on the overall score on the scorecard.

We conducted the study in 270 remote schools in five disadvantaged districts in the East
Nusa Tenggara and West Kalimantan provinces of Indonesia between October 2016 and
May 2019. In its first year, an outside facilitator led the village-level implementation. The
facilitator left at the end of 2017 and a trained cadre recruited from the village continued
to perform those duties. The endline data for the one-year impact evaluation were collected
in early 2018. In early 2019, about a year after the departure of village-level facilitators, we
collected a follow-up survey in all but the SAM+Score schools.

Our research design offers three insights on the use of incentive contracts in social account-
ability interventions. First, we quantify the marginal impact of expanding citizen authority
over teacher incentives by comparing SAM with the enhanced SAM treatments. Second,
we determine whether the camera-monitored teacher presence (objective and verifiable, but
incomplete) or the community-monitored teacher score (more comprehensive but also more
subjective) is the better performance measure to use in a SAM-enhancing incentive contract
by comparing SAM~+Cam with SAM+Score. Finally, we use the follow-up survey to examine

the sustainability of the impacts without external facilitator support.

Duflo et al. (2012) show that directly linking teacher selfies to their pay improved student outcomes in an
NGO-run single-teacher non-formal education centers. SAM+Cam is different in its use of the selfies and
its scope. In SAM+Cam, the link between the selfies and incentives is less direct and tied to the social
accountability aspect of the intervention: teachers use the selfies — together with e.g., letters from the
principal — as evidence that is subject to discussion in the evaluation meetings. Moreover, SAM+Cam
incentivizes teachers using an existing government allowance and it operates in regular primary schools
(with multiple teachers) that are typical for these regions.



The findings on learning impacts are as follows. First, an incentive contract can improve
the effectiveness of our social accountability intervention. SAM improved learning by 0.08
standard deviation (sd) after one year; both SAM+Cam and SAM+Score have larger im-
pacts on learning, although the latter’s impact is statistically indistinguishable from SAM’s.
Second, SAM+Cam’s incentive contract works better than SAM+Score’s. The one-year
learning impact of SAM+Cam (0.20 sd) almost doubles — and is statistically different from
— that of SAM+Score (0.11 sd). Third, unlike SAM’s;, SAM+Cam’s learning impacts per-
sisted into the second year. Learning impacts do not differ by gender, are more positive for
better students and more persistent for weaker schools.

We find muted treatment effects on teacher efforts, but positive and persistent impacts
on parental education investments. The one-year treatment effects on various measures of
teacher efforts tend to be small and more positive for TSA teachers. However, all these effects
disappear in the second year. At the same time, we find generally positive treatment effects
on parental inputs, satisfaction, and aspirations which mostly persisted into the second year.

We develop a simple model to interpret how the interventions could affect the parent-
teacher accountability relationship and student learning. A parent and a teacher provide
complementary inputs to learning. We model social accountability as a commitment contract
tied to the teacher’s performance rating. The parent observes and rates agreed indicators
of teacher performance. A low rating will penalize the teacher’s payoff. More subjective
indicators are noisier, increasing the likelihood that the parent either over- or under-rates
teacher effort. The teacher can retaliate if the parent under-rates their effort.

This model yields two notable predictions that help explain our results. First, a com-
mitment to strictly assess teacher effort is necessary for a high teacher effort. This commit-
ment requires a willingness to punish violations of an agreed standard — a social preference
that in many tight-knit communities co-evolves with social norms (Ensminger and Henrich,
2014; Postlewaite, 2011). We use data from a lab-in-the-field public goods with punishment
experiment (along the line of that of Fehr and Géchter, 2000) at baseline to construct a
community-level measure of the norm. We find stronger impacts on student learning and
teacher behavior in communities with stronger punishment norms.

Second, a noisier indicator in the incentive contract increases the threat of teacher retali-
ation, increasing the likelihood that the parent does not rate strictly and making it harder to
induce a high teacher effort.? We find that SAM+Score’s use of more subjective indicators in

the incentive contract is associated with more disagreements between teachers and the UC.

2This finding echoes the result of Macleod (2003, Proposition 8), whose optimal contract model predicts that
a weak correlation between the principal’s and agent’s beliefs about the latter’s performance would result
in performance evaluations where “most people are likely to be judged to be above average!” (p. 225).



Relative to teachers in SAM+Cam schools, those in SAM+Score schools were more likely to
pressure the UC to increase their score. At the same time, the UCs in SAM+Score schools
rate teachers more leniently — and more so over time — despite weaker improvements
in observed teacher efforts and student outcomes. A more fragile parent-teacher account-
ability relationship resulting from the use of more subjective indicators helps explain why
SAM+Score performs worse than SAM+Cam.

Remarkably, despite working in locations that are more difficult to reach and there-
fore costlier to manage, the cost-effectiveness of our interventions is comparable to other
student learning interventions in LMICs. Consider our most effective intervention, to wit,
SAM-+Cam. In its first year, SAM+Cam improved learning outcomes by 0.2 sd at the cost
of USD 44 (in current 2017 dollars) per student. This cost is somewhere in the middle of the
distribution of the cost-effectiveness of the various interventions reported in JPAL (2019).
Its marginal cost in the second year was USD 21 per student.

Our paper contributes novel evidence on the design of effective participatory programs to
improve learning in LMICs. Past studies have shown mixed results from programs designed
to increase demand for better education by raising awareness about learning (Afridi et al.,
2020; Banerjee et al., 2010; Barrera-Osorio et al., 2020a,b; Lieberman et al., 2014) and/or
empowering community groups through training and grants (Banerjee et al., 2010; Barrera-
Osorio et al., 2020a; Beasley and Huillery, 2016; Pradhan et al., 2014). While these programs
often induced behavioral changes in parents, they generally did not translate into changes
in teacher effort — in part, because parents were insufficiently empowered vis-a-vis teachers
(Muralidharan, 2017). We provide the first causal evidence that incentive payments based on
community monitoring can strengthen the effectiveness of a social accountability intervention
in improving learning.

We also contribute to the question of the choice of performance measures in incentive
contracts, a crucial aspect of teacher evaluation designs (see e.g., Andrabi and Brown, 2021;
Aucejo et al., 2022; Mbiti et al., 2023; Rockoff et al., 2012). Much research in contract theory
focuses on the role of subjective measures to correct the distortionary effects of (incomplete)
objective measures (Baker et al., 1994; Holmstrom and Milgrom, 1991; Prendergast and
Topel, 1993). However, there is limited evidence on how the principal’s perceived author-
ity can affect the effectiveness of such measures. Macleod (2003)’s theoretical result finds
that when the agent does not trust the principal’s assessment, the optimal contract would
compress the ratings at the top and would only discriminate the worst performers — in
part, due to a desire to avoid conflict ex post. We provide causal evidence to that effect:

when the principal’s authority is weak relative to the agent, an incomplete but verifiable per-



formance measure yields a better outcome than more comprehensive subjective measures.?

Teachers bargain over more subjective evaluations and our model shows how bargaining un-
dermines the performance pay contract. Our results highlight a crucial design element when
incorporating incentive contracts into community-based monitoring initiatives.

Scaling up successful pilots has proven to be challenging, and it is not easy to pinpoint
the precise source of the problem (Bold et al., 2018; Raffler et al., 2019). Many things,
such as the context, budget, and implementing agency, often change when a pilot is scaled
up. This paper contributes to this policy question with its evaluation of the second-year
implementation. In its second year, the project undertook an initial step toward scaling up
by delegating tasks from the project facilitator to a local cadre. We find that although the
administrative processes were sustained, impacts, especially on teacher efforts, weakened.
The fact that we worked with a government allowance, backed up by regular budgets and
legalizing regulations, helped to keep processes intact during the second year. The results
also indicate that communities need outside support to sustain impacts.

The rest of the paper proceeds as follows. The next section discusses the context for our
experiment. Section 3 details the experimental design, including both the implementation
and data collection timelines. Section 4 describes the data collection instruments and sum-
marizes baseline characteristics of students, parents, and teachers in the sample. Section 5
presents the results on the primary outcome, namely student learning outcomes. Section 6
explores the mechanisms for our results. We first present a conceptual model followed by em-
pirical results on teacher effort, parental engagements, and school management. Section 7
discusses various aspects related to the interventions’ potential sustainability, including a

discussion on their cost effectiveness. Section & concludes.

2 Background

Nationally, Indonesia has an adequate number of teachers: its student-teacher ratio for pri-
mary schools stood at 16:1 in 2016, one of the lowest in Southeast Asia (Kesuma et al., 2018).
About 60 percent of teachers are civil servants, whose hiring and salary standards are sub-
stantially higher than the others, namely teachers under temporary contracts. Nonetheless,

there is a stark disparity in teacher availability between rural and urban locations. Two-

30ur result contrasts with that of Andrabi and Brown (2021) who study the choice of performance measures
in the context of private schools in urban Pakistan. They find that an incentive contract based on a
comprehensive performance evaluation by the headmaster has similar effects on test scores as a contract
based on test scores only, but performs better in terms of socio-emotional outcomes. This difference could
be explained by the stronger authority of headmasters in their study vis-a-vis the user committees in our
study.



thirds urban schools have too many teachers, while two-thirds of schools in remote areas lack
qualified teachers (World Bank, 2013).

To address this disparity, the government focuses on improving teacher retention in rural
and remote areas. In 2005, the government introduced Tunjangan Khusus Guru (Teacher’s
Special Allowance, hereafter TSA), a non-permanent hardship allowance for teachers working
in disadvantaged and remote areas. Its value is equal to the teacher’s monthly base salary.
In 2017, the government overhauled its approach to TSA distribution. Teachers hired by the
government — either as a tenured civil servant or under a fixed-term contract — are eligible
to receive the TSA if they are working in villages that are designated as remote and very
disadvantaged.? Village designations are based on a national index. This reform improved
both the coverage and reliability of TSA distribution.

However, the TSA was not designed to address a critical problem associated with re-
moteness: weak teacher accountability from inadequate supervision. Travel distance makes
on-site supervisions by school inspectors costly, and poor teacher performance can go un-
noticed by local authorities. Teacher absenteeism is much higher in remote areas: in 2014,
it stood at 19.3 percent compared to the national average of 9.4 percent (ACDP, 2014).
An unconditional hardship allowance like the TSA is insufficient to address the problem
(Cabrera and Webbink, 2019; Castro and Esposito, 2022; Pugatch and Schroeder, 2018).
In fact, SMERU (2010) finds that TSA recipients are more likely to be absent relative to
non-recipients in the same school.

Indonesia’s experience with community-driven development (CDD) programs suggests
that a community-based, participatory approach to monitoring offers a viable solution to
the problem. A typical CDD program combines a block grant with facilitation to promote
transparent and participatory grant spending and decision making. Recent studies have
investigated how CDD programs could be harnessed to increase use of health and education
services (Olken et al., 2014). Our interventions are designed around the successful examples

set by these programs.

4In addition to the two types of government-hired teachers, there are also school-contracted teachers with
a temporary employment status. The monthly base salaries are highest for civil servant teachers (between
around USD 108 and USD 408 depending on seniority), followed by fixed-term contract teachers (between
around USD 73 to 146), and school-contracted teachers (between USD 22 and 51).



3 Experimental Design

3.1 Treatments

Our three treatments — collectively known as KIAT Guru — set out to empower commu-
nities to hold teachers accountable.> Their common component is the social accountability
intervention to establish community monitoring of a locally formulated standard. Two treat-
ments augment it with a performance pay component that employs different ways to use the
community evaluation results to incentivize the TSA. Below, we describe each component

and the defining variation for each treatment.

3.1.1 Social Accountability

The social accountability component helped communities formulate a local service standard
and establish a community monitoring institution, namely the user committee (UC). To
formulate a local service standard, project facilitators organized a set of meetings involving
parents, community members and leaders, and school management to discuss and agree on
their respective in improving children learning. Based on that discussion, they formulated
a service agreement comprising the set of actions to improve the learning environment that
each of them would commit to.

This service agreement was the basis for the headmaster- and teacher-specific scorecard.
The scorecard had between 5 and 8 indicators, each with a set of target activities. “Presence
during office hours” was always included, but otherwise meeting participants could freely
choose what to include. Each indicator was assigned a weight (for a total of 100) based on
participants’ belief of its importance to improving learning. The UC would devise a scoring
guideline for each indicator.

The community could revise the scorecard in a meeting held a few months later. To help
inform communities of their children’s literacy and numeracy skills, the UC with the village
cadre administered a set of learning diagnostic tests developed by the project.® The test was
administered to a random sample of six students per grade level. Results from the diagnostic
test were shared at the beginning of this village-wide meeting.

The UC was responsible for monitoring teacher compliance to their scorecard. It had a

minimum of nine members — at least half were female — and included a parent representa-

SKIAT Guru abbreviates the project’s Indonesian name, i.e., “Kinerja dan Akuntabilitas Guru’ meaning
“Teacher Performance and Accountability”.

6The learning diagnostics measure children’s skills along a learning continuum based on the national cur-
riculum.



tive from each grade level.” It met monthly to review the implementation of the service agree-
ment and evaluate the scorecard. During the meeting, each teacher could respond to their
UC evaluation. Once the scores were finalized, UC members and the teacher/headmaster
signed off on the evaluation results. These evaluation results were then posted or announced
in a village meeting and dispatched to the district government.

To maintain the sustainability of the interventions, we recruited a village cadre from each
village who would undertake the facilitator responsibilities once the project was completed.
In the first year, each village cadre co-organized and co-facilitated the various meetings
with the facilitator. Along with UC members, they were also trained to implement the
aforementioned learning diagnostics. Seventy-five percent of the cadres were appointed at

the first village meeting.

3.1.2 Varying the Enforcement Mechanisms

The treatments varied in how the UC evaluations could affect the amount of TSA that eligible
teachers received. Table 1 summarizes the three treatments. SAM had no performance pay
component and eligible teachers always received their full TSA amount. SAM+Cam and
SAM+Score differed in the indicators used to incentivize the TSA and the availability of the
specialized camera. In all treatments, non-TSA teachers received similar evaluations, but

these evaluations did not affect their income.

Table 1: Summary of the Treatments

Control ~ SAM  SAMA SAM+

Cam Score
Social Accountability No Yes Yes Yes
Incentive Contract: Presence Indicator No No Yes Yes
Incentive Contract: Non-Presence Indicators No No No Yes
Tamper-proof camera No No Yes No
Number of schools 67 68 68 67

In SAM+Cam, only the teacher presence indicator affected the TSA amount. Teachers
in the SAM+Cam schools were given a tamper-proof smartphone camera to take selfies at
the beginning and end of a school day. They also wrote down their arrival and departure

times in a manual attendance form. At the end of each month, the UC verified these records

"The facilitation manual encouraged overlapping memberships between the UC and existing village and
school communities. However, we did not find many incidences of overlapping memberships in our data.



and any letters provided by the teachers to account for their absences. Based on these daily
records, the UC penalized teachers for each partial presence (up to 1.5 presence points),
excused absence (2 points), or unexcused absence (5 points), and calculated the teacher’s
presence score for that month. To establish a norm for the maximum number of acceptable
absences, we set a cutoff score of 85 (out of 100), below which a teacher would lose their full
TSA for that month. Those who maintained a presence score of 85 or above received the
share of the TSA equal to that score.®

In SAM+Score, the TSA amount was determined by the total weighted scores of all
indicators in the scorecard. Because SAM+Score relies on a compound score of subjective
indicators to measure performance, we wanted to avoid introducing a focal point for ne-
gotiations between teachers and the UC. Therefore, instead of having a cutoff below which
teachers received no TSA, SAM+Score has a continuous penalty schedule where the percent-
age of the T'SA allowance received equals the evaluation score for that month. Furthermore,
no camera was provided for the SAM+Score schools. Hence, the mandatory presence indi-
cator needed to be proactively monitored by the UC following the steps suggested in their
training.

We ensured uniform and reliable disbursements of the TSAs across control and treatment
schools. Teachers received the TSA on a quarterly basis. Civil servant teachers were paid
by the district governments; otherwise, they were paid directly by the education ministry.

Teachers received payments through direct bank transfers.

3.1.3 The Second-Year Implementation

At the end of the first year, village-level facilitator support ended. Village cadres took
over the facilitator’s role of organizing evaluation meetings. All other relevant SAM and
performance-pay processes continued in the second year. These include the dispatch of
monthly evaluation reports to district offices and the incentivization of the TSAs for schools

in the performance-pay treatments.

3.2 District and School Selection

We worked in willing districts with significant problems of teacher absenteeism in their
remote, disadvantaged villages. Based on lessons learned from the operational pilot, we
excluded districts with very weak governance and with transitory communities (i.e., fishing

and bush communities). We also excluded districts with very expensive transportation costs

8To accommodate the use of the smartphone camera, the facilitators held an additional training on its use
during the monthly community meeting. Moreover, SAM+Cam schools added verification of the camera
reports to its monthly meeting agenda.



for budgetary reasons, as well as conflict-prone areas and districts that were part of many
other education pilots. Finally, we only included districts with at least 40 rural primary
schools that fulfilled the school eligibility criteria below. Our final list included three dis-
tricts in West Kalimantan (Ketapang, Sintang, and Landak) and two districts in East Nusa
Tenggara (East and West Manggarai).

We only included schools under the Ministry of Education and Culture that satisfied
four eligibility requirements. First, each school must have had a minimum of 70 registered
students. Second, at least 3 of its teachers must have received the TSA in 2017. Third,
schools must be remote, i.e., in a village that was at least a one-hour drive from the subdistrict
capital. On average, participating schools were located around 40 km (and about two hours
travel time) from the subdistrict office. Finally, we allowed for a maximum of two primary
schools (instead of one) per village to be part of the project due to budgetary reasons.® More

than 90 percent of the schools in our sample were public schools.

3.3 Treatment Assignment and Compliance

We used stratification to randomly assign schools into control and treatment groups. The
stratification was based on the following variables: village access to a mobile phone signal,
the total number of teachers in the school, the share of teachers with a teacher registration
number (which is a TSA prerequisite) and the exit-exam test scores obtained from the
ministry. Fach stratum has four villages. Villages with two schools were, to the extent
possible, grouped with other villages with 2 schools — resulting in strata with 8 schools —
to ensure that two schools in the same village always received the same treatment. The last
stratum with fewer than 4 two-school villages was assigned single-school villages to complete
the assignment. Except for this stratum, all other strata had villages with an equal number
of schools. We detail the stratification procedure in Appendix A.

During the baseline survey, we discovered that three schools in East Manggarai were not
in the villages indicated by the administrative data used for the initial treatment assignment.
In all three cases, these schools were in villages with a school that was already participating
in the study. Since all schools in the same village should be assigned to the same treatment

group, we randomly reassigned the treatment status for schools in the three affected villages.

9To maintain a reasonable implementation budget, we excluded sub-districts (kecamatan) with less than
four eligible primary schools and those requiring costly additional travel (e.g. using boat/plane just to
reach that specific sub-district). There were less than 270 villages with eligible primary schools. To obtain
270 schools, we needed to have more than 1 school in some of the villages. We therefore randomly chose
170 villages to have a single school participating, and 50 villages to have 2 schools participating in KIAT
Guru. In two-school villages, our randomization procedure ensured that both schools received the same
treatment. Furthermore, in villages with more than the assigned number of schools, we randomly selected
the participating school(s).

10



The reassignment took place before the start of the intervention.

Moreover, a few weeks before the intervention started, the education ministry changed
its mechanism for defining eligible TSA locations. It used a national index instead of district
head recommendations to determine eligibility, and all registered teachers working in these
villages would automatically be eligible. This change took away the TSA eligibility of three
villages. These affected schools were all part of the control group. We control for these three

schools in our empirical analysis.

3.4 Timeline

Panel A of Figure 1 shows the implementation timeline. Seven meetings to set up the ser-
vice agreement and the user committee were conducted between November 2016 and June
2017. A few months afterward (between July 2017 and January 2018), UCs held a meeting to
reevaluate and revise the scorecard indicators. Facilitator support for village implementation
concluded at the end of 2017. For 84 percent of the schools in the performance pay treat-
ments, TSAs began to be incentivized in April 2017. By October 2017, all 135 schools under
the performance-pay scheme had their TSAs incentivized. Appendix B provides additional
details on implementation.
130111(1;2 . 52501775 R P 52501785 ool 22301495 .
Panel A. Pilot Implementation

Social accountability component (203 schools) implementation with facilitators implementation without facilitators
Performance pay component (135 schools)
Payment of performance-based allowance (135 schools)

Panel B. Impact Evaluation & Monitoring
Quantitative surveys:
Baseline/endline (270 schools) baseline [ endiine |
Follow-up (203 schools)
Qualitative research (9 schools)
Monthly monitoring data (203 schools)

Figure 1: Implementation and Data Collection Timeline

Panel B shows the data collection timeline. We collected three waves of impact evaluation
data. We conducted the baseline survey from October 2016 to February 2017. We conducted
an endline survey to evaluate the one-year impacts from February until mid-April 2018, soon
after the end of village-level facilitator support at the end of 2017. The third wave, a follow-
up survey to evaluate the second-year impact of the interventions, was collected in March
to May 2019. However, given budget constraints and the governments’ expressed interest in
SAM+Cam, we had to scale down the third wave in two ways. First, we did not collect data
in the SAM+Score schools. Second, we did not collect learning outcomes from all grade

1 and grade 2 students. Since learning outcomes for grades 1 and 2 were collected on a

11



one-to-one basis (instead of in a class setting) and were therefore more expensive to collect,

we opted to include only grades 1 and 2 students who were part of an earlier survey.

4 Data

4.1 Instruments
4.1.1 Student Learning Assessments.

The research team developed its own student learning assessments (SLA) instruments to
assess basic functional literacy (in Indonesian) and numeracy competencies along the learning
continuum standards set in the 2006 national curriculum (see Lumbanraja and Prameswari,
2021). They consist of: (i) a rapid diagnostic test of students’ competencies in literacy and
numeracy; and (ii) an evaluation test of students’ abilities along the literacy and numeracy
learning continuum.

Separate test booklets were developed for each elementary grade level with multiple-
choice items consisting of 15 percent grade-level, 65 percent one-grade-below, and 20 percent
two-grade-below. For the baseline survey, the evaluation test was administered to all students
in grades 1 to 5 in participating schools. It was administered on a one-on-one basis for grades
1 and 2, and on a group basis for grades 3 to 5. At the endline, another evaluation test was
administered to the same set of students and newly enrolled grades 1 to 6 students who did

not participate in the baseline survey.

4.1.2 Teacher Absence Survey (TAS).

The instrument originated from the World Bank’s multi-country teacher absence survey
(Chaudhury et al., 2006), which calls for an unannounced visit to schools during normal
school hours to obtain a representative estimate of teacher absence from school. The instru-
ment has since been adapted for various TAS implementations in Indonesia (ACDP, 2014;
UNICEF, 2012). The enumerators implemented the TAS on the day of their arrival, which

was unannounced.

4.1.3 Survey Instruments.

In addition to the SLA and the TAS, we interviewed: (i) headmasters; (ii) teachers; (iii) a
random sample of 20 households with children in participating schools (4 from each of grades
1 to 5 at baseline) and all panel parents; (iv) school committee; (v) the village head; and

(vi) the user committee (for the endline and follow-up surveys). We collected a rich set of

12



measures to capture their characteristics, perceptions, as well as the relationships between
parents, teachers, school committee members, and the headmaster. We also collected rich

measures of parental inputs in their children’s education.

4.1.4 Behavioral Experiment.

At baseline, we conducted a lab-in-the-field behavioral experiment to measure school-level
norms related to the willingness to provide public goods and punish free riders. The experi-
ment was implemented in 182 randomly selected schools out of the 270. It involved between
16 and 20 teachers and parents associated with each school playing a simple Public Good
Game followed by a Public Good Game with Punishment using paper-and-pencil instrument

(Fehr and Géchter, 2000). Appendix C details the implementation of the experiment.

4.2 Baseline Characteristics and Covariate Balance

Table 2 presents the summary statistics of student, teacher, and parent characteristics at
baseline for the control and treatment groups. We observe poor literacy and numeracy among
students in participating schools. Their mean scores from the Indonesian and mathematics
learning assessments at baseline were 37.5 and 37.7 (out of 100). The student population
was 53 percent male and more than 80 percent of students have parents with only a primary
education or less.

Teacher accountability is low. We limit our sample to baseline teachers who are classroom
teachers and excludes those who only teach subjects such as religion or physical education.
At baseline, these teachers recorded an absenteeism rate of 20 percent. School observations
found that about a quarter of teachers who were in school were not working and a similar
share of those scheduled to teach were not teaching (Appendix D.2).19

Despite low teacher efforts, parents were not aware of these problems. Baseline data (not
reported in the table) suggest that about 90 percent of parents believed that their children’s
school was either good or very good. Furthermore, only slightly more than one in five parent
respondents reported teacher absence as one of the three main problems afflicting education
in their community. We also find limited parental supervision of their children education:
Panel C of Table 2 reports that children were accompanied when learning at home for about
2.6 hours a week.

Appendix Tables D.1-D.2 present the balance tables of student, parent, teacher, and

school characteristics. The covariates are mostly balanced across control and treatment

10We define “working” as performing teaching and other academic and administrative activities such as
grading or giving quizzes.
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Table 2: Baseline Summary Statistics

Moan Standard N

deviation

(1) (2) (3)

Panel A. Student characteristics

Age 10.68 2.01 25457
Male 0.53 0.50 25701
Mother’s years of education 6.25 2.73 24252
Father’s years of education 6.65 2.86 24479
Baseline learning assessment score:
Indonesian 37.46 20.75 26580
Mathematics 37.65 21.64 26580
Panel B. Teacher characteristics
Age 36.71 10.37 1764
Male 0.47 0.50 1764
Married 0.86 0.35 1764
Bachelor’s degree or higher 0.53 0.50 1764
Received TSA in 2017 0.63 0.48 1764
Shares of teachers observed to be present 0.80 0.40 1713
Panel C. Parent characteristics
Mother is the respondent 0.45 0.50 5400
Education expenditure last year ('000 Rp) 309.3 252.6 5400
Hours of child’s accompanied learning (last week)  2.63 3.03 5400
Meetings with principal/teacher in the year 1.15 4.25 5400
Panel D. School characteristics
Number of teachers 8.52 2.29 270
Number of civil servant teachers 3.97 1.66 270
Private school 0.08 0.27 270
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groups. We find a few statistically significant differences from the control group for a partic-
ular treatment and a particular outcome, which is to be expected from a random assignment.

We control for these covariates in our preferred specification.

5 Impact on Student Learning Outcomes

Our primary outcome of interest is student learning. We estimate the treatment effects by

regressing the following model:

Yije = oy + Z%Trj + X;jﬂ + 6Yij0 + AYjo + €ije, (1)
reR

where Y;;; = the student learning outcome for individual 7 in school j at time t € {0, 1,2}
(i.e., baseline, endline, and follow-up); o = the fixed effects for strata k; and X = control
variables. T;; is the dummy variable for school j’s treatment regime r, and  is the average
treatment effect. Our preferred specification controls for student and school characteristics,
individual baseline outcome (Yjjy), and the school-mean baseline outcome (Yjp). It also
includes interactions between each student-level control (including the baseline outcome)
and a dummy variable indicating that its value is missing for the observation. Standard

errors are clustered at the village level.
We also report the p-values from a randomization inference (RI) test of the sharp null of
no effect for each individual treatment, holding other treatments’ assignments constant. Its
implementation takes into account the aforementioned reassignment of three schools due to

erroneous administrative data during the initial assignment.!!

5.1 Main Results

Columns 14 of Table 3 present the impacts of the treatments on learning outcomes. To facil-
itate comparisons across studies, we use the mean of grade-adjusted standardized scores for
Indonesian and mathematics as the measure of learning outcomes. The mean and standard
deviation of the raw unstandardized scores are presented along with tests for cross-treatment
differences in the coefficient estimates in the bottom panel. We also included the p-values

from a randomization inference procedure in the bottom panel. The table presents regression

"For the randomization inference test, we use the Stata command ritest that allows for a user-defined ran-
domization procedure (see HeB, 2017). We coded a randomization procedure that mimics the reassignment
of the three schools prior to the intervention. To wit, we use the initial assignment for the resampling
procedure and afterward, reassign the three schools to the treatment of their respective village before each
reestimation.
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Table 3: Impact on Student Learning Outcomes
Mean Score Mean Score Grade
(Grades 3-6)T Repetition
2018 2019 2018 2019 2018 2019
(1) (2) (3) (4) () (6)
SAM 0.081 0.041 0.095 0.041 0.010 0.000
(0.037) (0.032) (0.036) (0.032) (0.010) (0.009)
SAM+Cam 0.198 0.153 0.171 0.153 0.003 0.014
(0.035) (0.034) (0.034) (0.034) (0.009) (0.008)
SAM+Score 0.110 0.096 0.008
(0.034) (0.032) (0.010)
Control group mean 0.08 0.04
Control group raw-score:
Mean 47.08 40.63 4797  40.63
Standard deviation 18.86 19.73 19.12 19.73
Randomization inference p-value (N = 2000):
SAM 0.056 0.343 0.028 0.332 0.387 0.998
SAM+Cam 0.000 0.000 0.001 0.000 0.825 0.172
SAM+Score 0.006 0.006 0.492
Observations 31022 15108 21448 15108 24719 13257

Notes: Standardized scores are grade adjusted. TThe sample of baseline and new students
who would have been at Grades 3—6 at each respective year. Student-level controls are sex,
age, mother’s and father’s years of education, and baseline outcome. School-level controls
are its baseline mean outcome, its private status and whether it became TSA-ineligible

from the government’s redefinition of remoteness (see Section 3.3).

The controls also

include interactions between each individual-level control and a dummy indicating that
its value is missing. The randomization inference (RI) tests the sharp null hypothesis of
no effect for each individual treatment (holding other treatment assignments constant).
The RI’s resampling process replicates the assignment procedure described in Section 3.3.

Standard errors are clustered at the village level.
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results with the control variables; as a robustness check, Appendix Table D.3 presents the
results without these controls.

Columns 1-2 present the results for the full sample of students. Columns 3-4 present
the results for students who would have been in grades 3-6 in each respective year. These
results allow for consistent comparisons across years, as our research design excludes nearly
all students in grades 1-2 in the follow-up survey. Odd-numbered columns present estimates
of the one-year (2018) impacts for all treatments and even-numbered columns present the
two-year (2019) impacts for SAM and SAM+Cam.'?

Column 1 shows positive one-year impacts on student learning outcomes for all treat-
ments, with an impact that was strongest for SAM+Cam. SAM and SAM+Score treatments
improved the mean learning outcome by 0.08 and 0.11 sds respectively and these effects are
not statistically distinguishable from each other. These are at the higher end of the mean
effect sizes of RCT-evaluated learning interventions in primary schools in LMICs that im-
proved information flow (0.05 sd), school management (0.06 sd), and student/teacher incen-
tives (0.09 sd) (McEwan, 2015). In contrast, SAM+Cam yielded a learning impact of 0.20
sd, almost twice that of SAM+Score.

We also find that SAM+Cam’s impact remained persistent into the second year. Because
the follow-up survey excludes students from grades 1 and 2, estimating persistence using the
full sample (as in columns 1-2) may be biased if learning impacts were heterogeneous by
grade.’® In columns 3-4, we addressed this issue by focusing on the sample of students in
grades 3—6. Within this sample, there was a small decay in the learning impact of SAM+Cam
in the second year of around one-sixth (from 0.17 to 0.15 sd). Notably, Appendix Table D.6
(columns 5-8) shows a decay for Indonesian but not for mathematics. Moreover, our decom-
position exercise finds about half of its two-year impacts were new impacts from the second
year (Appendix Table F.1).1

We did not find similarly persistent impacts for SAM. The decays in learning impacts
— using either the full or restricted grades 3-6 sample — were steeper for this treatment.
The two-year impact on Indonesian was negligible (0.02 sd) while its two-year impact on

mathematics was small (0.05 sd) and not statistically significant.

12 As discussed in Section 3.4, we did not survey the SAM+Score schools in 2019 due to budget constraints.

13In results not shown here, we find that SAM+Cam impacts in 2018 are stronger for lower grades.

14In Appendix E, we describe our empirical approach to decompose the two-year impacts of SAM+Cam into
knock-on impacts from the first-year implementation and new impacts in the second year using parameters
that are causally identified from the experiment. Since project facilitators had left these communities at the
end of the first year, we can interpret its result as the extent to which the facilitator-driven implementation
in the first year explains the two-year impacts. It confirms that the institutional setup inherited by the
SAM+Cam treatment continued to improve learning in these communities in the absence of the facilitators.
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5.2 Retention and Attrition

We do not find evidence that our treatments affected the school’s immediate grade retention
strategy. Column 5 of Table 3 shows no one-year impact of the treatments on students’
grade repetition. This result provides a reassurance that our learning impacts were not due
to schools holding their students back. Appendix Table D.7 further shows that the learning
impact estimates are robust to an IRT correction that accounts for grade retention.

Our results are also robust to potential selective attrition bias that could arise from, e.g.,
treated schools selectively encouraging better students to take the endline/follow-up SLAs.
In Appendix Table D.4, we show that although students in the SAM+Score treatment are
less likely to attrit compared to those in the control schools, there is no selective attrition
based on academic ability. We further show the robustness of our results to potential selective

attrition using inverse probability weighting estimation (Appendix Table D.5).

5.3 Heterogeneity Analysis

To estimate these heterogeneous impacts, we use the following specification:

Yije = o + mZijo + Z%Tm’ + Z Yon(Toj % Zijo) + Xy B+ 0Yijo + AVjo + e, (2)
reR reR

where Z;;o is the baseline variable we use for the heterogeneity analysis, 7, is the differential
impact for the subsample of individuals defined by Z, and the other variables are as defined
in Equation 1. To keep the sample consistent over time (since we did not collect learning
assessments for grades 1 and 2 students in 2019), we limit the sample to baseline and new
students who would have been at Grades 3-6 when the outcome was measured. We find
qualitatively similar results when we use the full sample.

Table 4 presents these results with the heterogeneity variables as the column headers.
Columns 1-2 show that the impacts of these interventions are gender neutral. We also
examine whether a student’s exposure to a TSA teacher strengthened the impact of the
interventions. Since the SLAs were deployed in the middle of the second semester of an
academic year, students could potentially be taught by two different teachers between two
survey waves. In columns 3-4, we use the total number of years (from the baseline year) a
student was taught by a TSA teacher to capture the heterogeneous impact of an additional
year of exposure. An extra year with a TSA teacher did not amplify the treatment impacts.

On the one hand, columns 5-6 show that better students (with above-median baseline
SLAs) within their school benefited more from the SAM+Cam treatment. On the other

hand, the positive treatment impacts were more persistent for weaker schools at baseline.
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Table 4: Differential Impacts on Student Learning

Years with Above- Above-
Male TSA median median
teachers student? school
2018 2019 2018 2019 2018 2019 2018 2019
(1) (2) (3) (4) (5) (6) (7) (8)
SAM 0.081 0.015 0.079 0.037 0.069 -0.002 0.095 0.068
(0.040) (0.038) (0.063) (0.069) (0.041) (0.038) (0.055) (0.048)
SAM+Cam 0.149 0.116 0.128 0.128 0.119 0.108 0.146 0.190
(0.037) (0.039) (0.059) (0.065) (0.041) (0.040) (0.055) (0.058)
SAM+Score 0.079 0.068 0.057 0.105
(0.037) (0.055) (0.038) (0.048)
Covariate: [...] -0.147  -0.187 -0.008 -0.004  0.098 0.114 0.065 0.153
(0.021) (0.026) (0.030) (0.020) (0.027) (0.030) (0.064) (0.070)
... x SAM 0.011 0.032 0.007  -0.003 0.017 0.052  -0.021 -0.082
(0.032) (0.034) (0.042) (0.035) (0.034) (0.035) (0.074) (0.063)
... X SAM+Cam 0.023 0.043 0.027 0.005 0.061 0.055 0.020 -0.110
(0.029) (0.034) (0.040) (0.030) (0.031) (0.038) (0.078) (0.080)
... X SAM+Score  0.015 0.016 0.029 -0.046
(0.029) (0.038) (0.036) (0.074)
Observations 21448 14773 21448 14773 20014 13653 21448 14773

Notes: TDefined as above-median students in their school at baseline. The sample includes baseline and
new students who would have been at Grades 3—6 at each respective year. Student-level controls are sex,
age, mother’s and father’s years of education, and baseline outcome. School-level controls are its baseline
mean outcome, its private status and whether it became TSA-ineligible from the government’s redefinition
of remoteness (see Section 3.3). The controls also include interactions between each individual-level
control and a dummy indicating that its value is missing. Standard errors are clustered at the village

level.

19



Columns 7-8 present the heterogeneous treatment impact by school quality (measured by
the school-level average of the baseline standardized SLA scores) for these students. Column
7 shows that the one-year impacts of the interventions do not differ by school quality.!®
Column 8 shows that among below-median quality schools, the impact of SAM only decayed
slightly in the second year (from 0.10 to 0.07 sd), while that of SAM+Cam increased over
time (from 0.15 to 0.19 sd). The decays were larger among above-median schools for both

treatments.

6 Mechanisms

We now delve into the mechanisms that contribute to these outcomes by examining the
intermediate inputs into learning. We begin by estimating the treatment impacts on parent
and teacher inputs. We then develop a model linking these changes to how the interventions
reshape the accountability relationship between parents and the school. We provide empirical
evidence that is consistent with the model. Finally, we examine how the interventions impact

the accountability relationship between teachers and the school management.

6.1 Teacher and Parent Inputs
6.1.1 Teacher Effort

Table 5 presents the treatment impacts on teacher effort. Our sample only includes classroom
teachers — who teach most subjects including Indonesian and mathematics — at baseline.
We separately analyze the impacts for TSA and non-TSA teachers in Panels A and B.

We begin with two effort measures from the observation-based TAS: (i) a teacher is
present when they are scheduled to be; and (ii) a teacher who is in class is observed to
be teaching. Columns 1-4 present the one-year and two-year impacts for these outcomes.
After the first year, only SAM+Cam has a significant positive impact on presence among
TSA teachers (Panel A). Once teachers are present, however, all treatments are similarly
effective in inducing them to teach. In contrast, Panel B suggests that the treatments tend
to negatively affect the efforts of non-TSA teachers, and these negative effects are statistically
significant for SAM+Score. However, by the second year, all impacts on these two outcomes
disappeared.

We are also interested in whether the treatments led teachers to redirect their activities

toward those that improve learning. We constructed a proxy of teacher inputs into student

'5In results not shown, we find similar results of no heterogenous one-year impact by treatment when
estimating using the full sample.
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Table 5: Impact on Teacher Effort

Independently observed Self reported
Presence Teaching Total hours Learning-enhancing’
2018 2019 2018 2018 2019 2018 2019
(1) (2) (3) (5) (6) (7) (8)
Panel A. TSA teachers
SAM 0.038  -0.009  0.088 -2.067 0.131 -0.038 -0.134
(0.035) (0.034) (0.041) (0.044) (1.173) (0.933) (0.653) (0.527)
SAM+Cam 0.082  -0.004  0.083 -0.812 0.695 0.313 -0.133
(0.038) (0.034) (0.050) (0.047) (1.070) (0.971) (0.615) (0.500)
SAM+Score 0.030 0.075 -0.349 0.127
(0.039) (0.048) (1.148) (0.649)
Control group mean  0.80 0.84 0.71 28.57 27.14 16.63 17.43
Observations 1038 728 870 905 617 905 617
Panel B. Non-TSA teachers
SAM -0.028 -0.040 -0.004 -0.533  -1.462 1.115 -0.580
(0.038) (0.039) (0.048) (1.566) (1.269) (0.769) (0.648)
SAM+Cam -0.022  -0.023 -0.073 -0.098  -0.731 1.336 -0.573
(0.041) (0.038) (0.048) (1.274)  (1.287) (0.661) (0.634)
SAM+Score -0.142 -0.126 -2.373 -0.590
(0.041) (0.047) (1.378) (0.638)
Control group mean  0.86 0.84 0.84 27.15 27.48 15.37 17.39
Observations 686 548 620 458 299 458 299

Notes: Includes the sample of class teachers at baseline. TColumns 7-8 outcomes are the total weekly hours of
activities positively correlated with baseline learning, estimated using a post double-selection lasso specification.
Individual controls are sex, age, education, and the baseline outcome. School-level controls are its mean baseline
outcome, number of teachers and civil-servant teachers, number of students, private status, and whether it
became TSA-ineligible from the government’s redefinition of remoteness (see Section 3.3). The controls also
include interactions between each aforementioned individual-level control and a dummy variable indicating
that the control variable’s value is missing for the observation. Standard errors are clustered at the village

level.
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learning using their self-reported hours allocated to various school-related activities. We first
identify the set of teacher activities that are positively correlated with student learning at
baseline.!® Once identified, we estimated the impact of the interventions on the total hours
that teachers spent on these activities.

Columns 5-8 suggest that our interventions barely had any impact on these outcomes.
Columns 5-6 show that the treatments had no impact on the total number of weekly hours
teachers spent on school-related activities for all teachers. Column 9 suggests that in the
first year, all treatments had no discernible impacts on TSA teachers’ time allocation (Panel
A), but SAM+Cam led non-TSA teachers to focus more on learning-enhancing activities
by around 1.3 hours or around 8.5 percent out of a mean of 15.1 weekly hours (Panel B).

Nonetheless, this effect disappeared by the second year.

6.1.2 Parental Investments in Education

Table 6 shows that after one year, all interventions increased parents’ educational invest-
ments. However, SAM+Cam yields the strongest and most consistent impacts. Education
expenditures increased by Rp 28K (USD 2) for SAM+Cam relative to the control-group
mean of Rp 324K (USD 24), an 8.3 percent increase (column 1). The impacts were small
and not statistically significant for SAM and SAM+Score. All treatments increased parents’
willingness to reduce their children’s participation in the labor market (columns 3). The
number of hours children were accompanied when studying at home increased across treat-
ments, but are noisily estimated (column 5). Parents increased the number of meetings with
teachers (column 7). Many of these impacts persisted well into the second year for both
SAM and SAM+Cam. The impacts of SAM tend to diminish over time, while SAM+Cam’s
impacts on education expenditure, the number of hours of accompanied learning, and the

number of parent-teacher meetings do not.

6.2 The Parent-Teacher Accountability Relationship

A key objective of our interventions is to reshape the accountability relationship between

parents and the school, and thus increase parental and teacher inputs into student learning.

16To identify activities that are positively correlated with learning, we estimated a regression of student
learning outcomes on their teacher’s allotted time to different activities at baseline. We use a post-
double-selection lasso procedure (following Belloni et al., 2014) to determine the controls included in the
regression. Activities whose coefficient is positive and statistically significant at 10 percent are included
in our set of learning-enhancing activities, namely: (i) in-school teaching; (ii) out-of-school additional
intra-curricular lessons; (c) out-of-school scientific publications; and (d) out-of-school innovative activities
(develop teaching tools, etc.). Publishing in a scientific journal and innovative activities are among the set
of activities that public school teachers can use to build their case for promotion.
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Table 6: Parent Investments

Education Child is Accompanied Teacher meeting
expenditure® employedT learning hours frequencyiE
2018 2019 2018 2019 2018 2019 2018 2019
(1) (2) (3) (4) (5) (6) (7) (8)

SAM 13.548 14.590  -0.080 -0.026  0.241 0.254 1.038 0.598
(13.900) (13.213) (0.019) (0.019) (0.198) (0.191) (0.229) (0.305)
SAM~+Cam 28.225 28.751  -0.044  0.016 0.295 0.365 1.219 0.932
(14.165) (12.515) (0.019) (0.022) (0.206) (0.191) (0.235)  (0.283)
SAM+Score 9.381 -0.036 0.253 1.053
(15.293) (0.019) (0.205) (0.250)
Control group mean  323.9 347.1 0.403 0.353 2.458 2.135 1.199 1.415
Observations 5401 4166 5401 4185 5394 4160 5401 3563

Notes: *In thousand rupiah. 'Defined as working for pay or is a family labor. *The maxima of the reported num-
ber of meetings between teacher and parents on various topics. Individual controls are whether the respondent
is the child’s mother, child characteristics (sex, age dummies, both parents’ education), and the baseline out-
come. School-level controls are its private status and whether it became TSA-ineligible from the government’s
redefinition of remoteness (see Section 3.3). The controls include interactions between each individual-level
control and a dummy indicating that its value is missing. Standard errors are clustered at the village level.



Identifying this channel of impact is nontrivial, since both inputs and accountability rela-
tionship are co-determined, and are intermediary outcomes of the interventions. To address
this challenge, we develop a simple learning production model with complementary inputs
where parents act as the principal to the teachers’ agent. We then show that the empirical

evidence is consistent with its predictions.

6.2.1 A Model of Parent-Teacher Inputs and Accountability

Consider a model where teacher and parent efforts are complementary inputs to student
learning. Teachers and parents can provide either a low or high effort. With weak external
supervision, the teacher’s intrinsic motivation is insufficient to induce a high effort in the
absence of interventions. Parents are more motivated to put in a high effort into their child’s
learning, but need the teacher’s high effort to make it worthwhile. If the teachers put in a
high effort, parents will do so as well.

Table 7a summarizes the strategic interactions between teachers and parents under these
conditions.!” T (P) indicates the payoff for teachers (parents) and the number indicates
its magnitude, with 1 indicating the lowest payoff and 4 indicating the highest.'® Parents
receive the highest payoff when both parents and teachers exert high efforts. Note that these
payoffs are based on the observed effort levels (of the other agent) — an assumption that
will be important when we introduce imperfections in the measurement of teacher efforts
below. Conditional on parental effort, teachers obtain a higher payoff when they exert a low
effort. Under the status quo, the pure Nash equilibrium is when both teachers and parents

exert low efforts.

Parent-Teacher Agreement as a Commitment Contract. We can model the joint
agreement between parents and teachers as a commitment contract. Following Gerber and
Wichardt (2009), we model teachers” and parents’ documented commitment to exerting high
effort as an upfront payment (or “deposit”) d; and d, respectively. If they exert a low effort,
they lose these deposits. Because P4 > P3, the parental commitment (d,) to maintain the
high-learning Nash equilibrium is zero as long as teachers exert a high effort. We therefore
set d, = 0. Table 7b presents the payoff matrix under this setup. Teacher commitment,

d:, needs to be greater than 74 — T'3 to make the high-learning equilibrium feasible. For

"In Appendix F, we show that such a payoff matrix could arise from a linear learning production function
with positive complementarities in teacher and parent efforts, combined with simple utility functions that
capture how teachers and parents weigh the benefit from student learning against the cost of putting in
effort.

8Note that T2 > T3 gives rise to the same equilibrium. Because it does not change any of the results that
follow, we will not consider it further.
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Table 7: Payoff Matrix in the Parent-Teacher Interactions

Parent Effort
Low High
Teacher Low (72,P2) (T4,P1)
Effort High (7'1,P3) (T3,P4)

(a) No interventions

Parent Effort

Teacher Low (T2—d, P2) (T4—dy, Pl)
Effort High (T1, P3) (T3, P4)

(b) Perfectly monitored commitment contract

Parent Effort Assessment

Low High Regime
Teacher Low (7T2,(1 —m,).P2+ 7,.P3) (T4,(1 — m,).P1+ 7,.P4) I
Effort High (71,(1 - 7,).P3+ 7,.P2) (T3,(1 - n,).P4+ m,.P1) enien

Lo (T2 — (1 —m,).dy, (T4 — (1 —m,).dy,
W (1—7,).P2+ m,.P3) (1 —7,).P1+ m,P4)

Teacher Strict
Effort High (T1 — my.dy, (T3 — my.dy,

(1— 7). P3+m(P2—R)) (1 —ma).PA+m.(P1—R))

(C) Imprecisely monitored commitment contract with teacher retaliation

d; > T2 — T'1, high-learning is the only equilibrium. The following result therefore follows.
Result 1. Teacher and parent efforts are increasing in teacher commitment cost d;.

The treatments vary the teacher’s commitment cost d;. In SAM, the cost will be to
her reputation. In SAM+Cam and SAM-+Score, the allowance penalty raises the stakes
for TSA-receiving teachers. All else being equal, these enforceable commitment contracts

increase the chance for a high effort equilibrium.!”

9In theory, teachers could reduce their effort commitment in response to the higher stakes to compensate
its effects. We do not think this is a major concern. For the presence indicators, the working hours and
scoring rules are set and not open for negotiation. The other indicators are more subjective, with both
the standard setting and rating being less well defined. In all cases, the SAM+Cam and SAM+Score
treatments provide parents with an opportunity to affect teacher salaries — a feature that was not present
in the SAM treatment.
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Imprecise Measurements and Retaliations. The different features of the incentive
contracts could affect their effectiveness to enhance social accountability. On the one hand,
by tying its incentive contract solely to teacher absenteeism, SAM-+Cam might lead teachers
to neglect other aspects of their job that are important for learning (Holmstrom and Milgrom,
1991). SAM-+Score avoided this problem by allowing multiple indicators in the service
agreement to affect teacher incentives. As this distortion is well understood, we do not
incorporate it into our model.

On the other hand, the subjectivity of the indicators used in the contracts could change
the interaction dynamics between parents and teachers in two ways. First, more subjective
indicators could increase the discrepancies between teacher and UC assessments of teacher
effort. Macleod (2003) shows that such discrepancies would weaken the incentive effects of
the contract as the principal becomes more lenient to avoid ex-post conflict. Second, more
subjective indicators increase the room for negotiation between teachers and parents. An-
ticipating teacher behavior, parents might exhibit leniency bias in their evaluation that will
further weaken the effectiveness of the incentive contract (Marchegiani et al., 2016; Macleod,
2003). SAM+Cam largely avoided these problems with the verifiable camera evidence, that
leaves little room for interpretation or negotiation.

We incorporate three features into the model to study the impacts of indicator subjec-
tivity. First, exogenous probabilities 7, and m, capture the divergence between parents’
and teachers’ assessments. To simplify, assume that teachers can precisely measure their
own effort. Let m, be the probability that the parent underrates the teacher (i.e., a low
effort rating for high teacher effort), while 7, is the probability that the parent overrates
the teacher.? More subjective indicators have higher m,’s and/or m,’s. Second, we allow
underrated teachers to retaliate, which will impose an exogenous utility cost R to parents.
Teachers with a stronger bargaining power can inflict a higher R. Finally, we allow parents
to choose either a strict or lenient assessment regime. In a strict assessment regime, parents
always report what they observe; otherwise, they always report a high teacher effort.

Figure 2 shows a version of this extended model in sequential form. We consider the
more interesting case in which parents can credibly commit to the assessment regime ex-
ante, before effort levels are realized.?! First, the parent schoose between the strict and

lenient assessment regime. Next, the teacher and the parent simultaneously decide on their

200f course, teacher measurement of their own effort could be biased upward. In such a case, we can define
underrating (or overrating) as the divergence between parental assessments and what a teacher believes to
be the effort level that they have provided as in Macleod (2003).

21 Alternatively, parents may not be able to credibly commit to the strictness of their assessment regime
ex-ante and instead, decide on it ex post after the realization of effort levels. In that case, parents would
always be lenient to avoid the risk of retaliation, and thus there would be no incentives for teachers to
perform.
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effort level. With positive 7, (m,), parents might overrate (underrate) teacher effort. The
parent’s payoff is based on the perceived effort of the teacher; the teacher’s payoffs are based
on their actual effort level. Finally, an underrated teacher could retaliate, imposing a utility

cost R to parents.

Result 2. When parents assess leniently, teachers will never provide a high effort.

Table 7c presents the payoff matrix under imperfect monitoring with possible teacher
retaliation under the different assessment regimes. If parents choose to assess leniently,
then teachers will never be punished and thus will never retaliate. The subgame perfect

equilibrium (SPE) of the model yields a low teacher effort.

Result 3. The probability that parents exert a higher effort is increasing in their probability
of overrating teacher effort (m,) and decreasing in their probability of underrating teacher
effort (m,). The probability that teachers exert effort is decreasing in the probabilities of

maccurate assessments, T, and m,.

Result 4. The probability that parents assess leniently is increasing in their cost from teacher

retaliation (R) and the probability that parents underrate teacher effort (m,).

The probability of inaccurate assessments affects efforts. When teachers exert a low
effort and parents assess teacher effort correctly (7, = 0), parents will exert a low effort. If
parents overrate teacher effort (m, = 1), parents will exert a high effort. Similarly, a higher

probability to underrate teacher effort (7,) will lower parental efforts. In a strict assessment
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regime, positive m, and m, weakens the relation between teacher effort and punishment, and
thus the likelihood of a high teacher effort.

Retaliation could affect the likelihood that parents choose a strict assessment regime.
To see the effect of retaliation, consider the case in which d; and m,/m, allows for either
(low,low) or (high, high) effort equilibrium. Parents will choose the strict regime if their
(high, high)-equilibrium payoff under that regime exceeds their (low, low)-equilibrium payoff
under the lenient regime, to wit, (1 —m,).P4+m,.(P1—R) > (1 —m,).P2+m,.P3. A higher
retaliation level R and a higher underrating probability m, will increase the likelihood that

parents choose to assess leniently.

6.2.2 Evidence on Assessment Leniency: Punishment Norms

Result 2 suggests that incentive contracts can only be effective if parents commit to as-
sessing teacher effort strictly — i.e., parents must commit to punishing violations of an
agreed standard. However, individual willingness to punish is often shaped by community
norms (Ensminger and Henrich, 2014). Our model shows that if the interventions operate
through this accountability relationship, their effectiveness should vary by the strength of
the community’s punishment norm. We test this hypothesis using data from our lab-in-
the-field public-good-with-punishment experiment at baseline. We construct a school-level
continuous measure of the community’s willingness to punish “free-riders”, i.e., subjects

22 We then classify schools into those with

with below-average public good contributions.
above-/below-median punishment norms.

We find that the interventions primarily work in school communities with stronger punish-
ment norms. Table 8 presents the heterogenous impacts by the baseline punishment norms.
Column 1 shows that one-year impacts on TSA teachers are only present in schools with
above-median punishment norms. Column 3, which serves as a placebo check, shows no het-
erogeneous impact of norms on non-TSA teachers. The marginal impact of having a stronger
punishment norm was largest for SAM+Cam and smallest (and imprecisely estimated) for
SAM+Score.?® The learning improvements of the SAM-plus interventions occurred primar-
ily in schools with stronger punishment norms and this differential impact persisted for
SAM+Cam (columns 5-6). However, column 2 suggests that the teacher impacts vanished

everywhere.?*

22This measure captures the school-specific elasticity of the punishment with respect to how far below a
session-mean a partner contributed. Appendix C details the design and implementation of the experiment,
and the construction of the school-level willingness-to-punish measure.

23In Appendix Table D.8, we show the results for other teacher effort variables, to wit whether they were
working (teaching) when observed in school (class). The patterns of heterogeneous impacts by punishment
norms across treatments were qualitatively similar to those on teacher presence.

24We discuss in Section 7.1 that by the second year, headmasters appeared to be more accommodating of
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Table 8: Heterogeneous Impacts by Punishment Norms

Teacher Presence Learning
TSA Non-TSA Outcomes
2018 2019 2018 2019 2018 2019
(1) (2) (3) (4) (5) (6)
SAM 0.036 0.052 0.024 -0.105 0.031 -0.016
(0.047) (0.079) (0.077) (0.086) (0.075) (0.064)
SAM-+Cam -0.014  0.022 -0.083  0.006 0.105 0.022
(0.060) (0.075) (0.079) (0.100) (0.062) (0.063)
SAM-+Score 0.009 -0.263 -0.113
(0.065) (0.081) (0.089)
Above-Median Punishment -0.113 0.083 0.053 -0.081 -0.193 -0.112
(0.075) (0.111) (0.148) (0.149) (0.067) (0.060)
...xX SAM 0.071 -0.126 -0.143 0.124 0.116 0.057
(0.095) (0.142) (0.176) (0.185) (0.102) (0.092)
... %X SAM+Cam 0.222  -0.104 -0.038 -0.259  0.249 0.214
(0.107) (0.127) (0.174) (0.180) (0.093) (0.087)
... X SAM-+Score 0.067 0.034 0.271
(0.096) (0.176) (0.121)
Observations 723 493 319 210 12506 10747

Notes: Treatment variables are interacted with a punishment-norm variable measured us-
ing a lab-in-the-field public goods with punishment experiment in 182 out of 270 schools.
Teacher respondents include the sample of baseline class teachers. The student sample in-
cludes baseline and new students who would have been at Grades 3-6 at each respective
year. Individual controls are sex, age, education, and the baseline outcome. School-level
controls are its baseline mean outcome, number of teachers, civil-servant teachers and stu-
dents, its private school status, and whether it became TSA-ineligible from the government’s
redefinition of remoteness (see Section 3.3). The controls also include interactions between
each individual-level control and a dummy variable indicating that its value is missing for
the observation. Standard errors are clustered at the village level.
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6.2.3 Evidence on Indicator Subjectivity and Retaliation

Results 3 and 4 suggest that the use of more subjective indicators in social accountability
interventions make it more difficult for parents (as the principal) to induce a high teacher
effort. Our results suggest two mechanisms behind this outcome. First, if a noisier indicator
weakens the connection between a teacher’s effort and their payoff, it will discourage a high
teacher effort. Second, if a noisier indicator increases disagreements about the assessments,
followed by teacher bargaining and possible retaliation, it will discourage parents from main-
taining strict teacher assessments. In Appendix Section 1.1, we show that the scorecard is
a noisy performance indicator and has little correlation with various measures of teacher
effort. Below, we show that its use in SAM+Score’s incentive contract is linked to increased
teacher pressure over the UC and a more lenient teacher assessment.

We have evidence of teachers pressuring the UCs to increase their score, and that the
intensity of the pressure is strongest in SAM+Score. A qualitative study suggests that
teachers in SAM-Score schools often challenged the evaluations of UCs, whose members are
typically less educated than these teachers (Bjork and Susanti, 2023). We find corroborating
evidence from the UC survey. Table 9 shows that teachers in SAM+Score schools are more
likely challenge the UCs in a hostile manner. Moreover, a higher bargaining power seems to
further intensify the pressure: column 2 indicates that teachers are more likely to intimidate
the UCs in SAM+Score schools where the headmaster struggles to find replacements for
absent teachers.

Consistent with Result 4, UCs in SAM+Score schools rate their teachers more leniently
— and more so over time — than those in other treatment schools. Figure 3 presents the
cumulative distribution function (cdf) of the monthly, school-average rating scores from all
treatments and the SAM-+Cam’s presence score. SAM+Score’s score first-order stochasti-
cally dominates all other scores (Figure 3a).?> To examine their evolution over time, we
partition the sample between early and later evaluation periods (Figures 3b and 3c). We
observe rightward shifts for SAM and SAM+Score scores between the two periods; how-
ever, Kolmogorov-Smirnov tests confirm that SAM+Score’s shift was the most prominent.
In other words, SAM+Score’s UC ratings have become much more compressed at the top
over time. Considering the similarity of included indicators across treatments (see Appendix
Table B.1) and SAM+Score’s weak impact on teacher efforts, the shift implies that the UCs

teacher absence by providing excuses that do not penalize teacher allowance in the second year. We think
this might explain why the community’s willingness to punish no longer predicts teacher presence in the
second year.

25The exact p-value of the Kolmogorov-Smirnov tests that SAM+Score’s rating scores are larger than and
come from a distribution that is different from that of SAM’s, SAM+Cam’s, or SAM+Cam’s presence
score are significant at the 0.01 level.
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Table 9: User Committee Reports of Pressure from School

Pressure to

Threats for

Increase Score Intimidated Low Score

(1) (2) (3) (4) (5) (6)
SAM+Cam -0.005 -0.120 0.021  -0.048 0.071 0.096
(0.050) (0.071) (0.036) (0.049) (0.039) (0.067)
SAM+-Score 0.119 0.122 0.066 -0.032 0.165 0.132
(0.054) (0.088) (0.041) (0.059) (0.046) (0.073)
Absent teacher hard to replacef -0.102 -0.083 0.007
(0.104) (0.059) (0.048)
... X SAM+Cam 0.120 0.122 -0.091
(0.135) (0.083) (0.096)
... %X SAM+Score -0.015 0.169 0.054
(0.142) (0.095) (0.106)
Constant 0.035 0.119 0.107 0.137 -0.038 -0.013
(0.103) (0.105) (0.083) (0.101) (0.072) (0.081)
Control group mean 0.075 0.075 0.030 0.030 0.000 0.000

Observations 201 201 201 201 201 201

Notes: TBased on the headmaster’s assessment at baseline in 197 out of 203 treated schools,
including 2 schools with missing UC interviews. The specification for the heterogeneity analysis
(columns 2, 4, 6) controls for missing headmaster response interacted with the treatment sta-
tus. Column 1 is from the question “Did you feel any pressure from the school to give scores
that are better than the teacher deserved”; column 2: “Did UC members feel intimidated to
discuss evaluation results openly?”; column 3: “Did any UC member ever receive threats from
a teacher/principal to not give a low score?” User committee members in one school were un-
available for an interview after multiple visits and a treatment school was dropped for being a
singleton within the strata. School-level controls are its baseline number of teachers, civil-servant
teachers and students, its private school status, and whether it became TSA-ineligible from the
government’s redefinition of remoteness (see Section 3.3). Standard errors are clustered at the
village level.
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in SAM+-Score schools have become more lenient.

6.3 External and Internal School Management

The assessment regime becomes more credible if external and internal school managers align
their actions with monitoring outcomes of the UC (Banerjee and Duflo, 2006). Our inter-
ventions enable parents to convey the monitoring results to a higher authority (such as the
school inspector at the district education office) and allow them to act on the information.
Moreover, the interventions introduce headmasters to a more systematic way of monitoring
and evaluating their teachers. Table 10 present the impacts of the interventions on how

external actors manage the schools and how the headmasters manage their teachers.

Table 10: External Supervision and Headmaster Evaluation

Meetings with eadmaster evaluation

education officials Routine Frequency
2018 2019 2018 2019 2018 2019
(1) (2) (3) (4) (5) (6)
SAM 0.361 -1.226 0.121 0.093 1.924 1.480
(0.458) (0.432) (0.051)  (0.055) (0.442) (0.530)
SAM+Cam 1.035 -0.389 0.149 0.125 2.506 1.883
(0.538) (0.553) (0.047)  (0.051) (0.437) (0.515)
SAM+Score -0.068 0.146 2.306
(0.484) (0.048) (0.419)
Control group mean  2.24 2.54 0.42 0.45 2.79 3.44
Observations 270 202 270 202 270 202

Notes: Columns 1-2 are based on the headmaster survey. The controls include interactions
between each individual-level control and a dummy variable indicating that the control vari-
able’s value is missing for the observation, and whether the respondent is the headmaster.
Columns 3-6 outcomes come from the responses of individual class teachers to the teacher
survey. These outcomes are aggregated at the school level. School-level controls are its
baseline number of teachers, civil-servant teachers and students, its private school status,
and whether it became TSA-ineligible from the government’s redefinition of remoteness (see
Section 3.3). At the endline, a school was dropped for being a singleton within the strata.
Standard errors are clustered at the village level.

Columns 1-2 show that only SAM-+Cam meaningfully increased, albeit temporarily, ex-
ternal engagement and supervision. SAM+Cam increased the number of meetings with the
subdistrict office by 1 out of a base of 2.2 meetings per year (column 1), but the increase did

not persist. Nonetheless, Columns 3-6 shows that our interventions had persistent effects on
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headmasters’ evaluation practice. By the first year, all three interventions led to increases in
the share of teachers who were routinely supervised and the frequency of the evaluation. For
SAM and SAM~+Cam, these evaluation practices persisted into the second year. We cannot

reject impact equality across different interventions.

7 Sustainability

Shediac-Rizkallah and Bone (1998)’s seminal paper on community-based health programs
identifies three key categories of operational indicators to monitor sustainability: (i) the
persistence of benefits after the initial program completed; (ii) the institutionalization of
project activities within an organization structure; and (iii) the recipient communities’ con-
tinued willingness to execute their roles. We have thus far provided evidence on the first
category. The following section discusses some evidence on the remaining two categories,

followed by a section on cost effectiveness.

7.1 Institutionalization

The project planned for institutional sustainability. Initially, external facilitators helped set
up the key implementing institutions at the village level, such as the UC and the evaluation
meetings. Once setup, the key activity that needed to be maintained was the monthly
evaluation meetings. To prepare for their eventual departure, the facilitators trained a
village cadre to perform this activity. Once the facilitators left after the first year, meeting
facilitation was fully managed by the village cadres except in one school that no longer had
a TSA teacher. The UCs continued to send monitoring reports to the district officials which,
in SAM+Cam and SAM+Score villages, continued to determine the TSA amount.?6

However, even though formal monitoring continued, headmasters appear to have under-
mined their teachers’ presence-based contract by issuing excuses that would minimize penal-
ties from their absences. Appendix Table D.9 presents such excuses by treatment group.
In the first year, headmasters in treated schools were not more likely to issue “off-school
assignments” — the least scrutinized type of excuse that would not result in a penalty in
the SAM-plus treatments — to excuse teacher absence. Yet, in the second year, it was 20
percentage points (pp) more likely to be issued (relative to a control mean of 28 pp) in SAM
and SAM+Cam schools.

26The institutionalization at the village level was reinforced by the MoEC decrees and supported by district
level decrees with associated funding. There was also project coordinators at the district and national
levels, so some level of external accountability was still happening.
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7.2 Local Support for Reform

To examine the extent of local support for reform, we examine teachers’ and parents’ atti-
tudes toward aspects that are affected by our interventions. We first look at whether the
interventions affect teachers’ perceptions of others’ appreciation and job satisfaction. We
then present the treatment impacts on parents’ perception of their children’s school quality

and learning results, and on parental aspirations for their children’s education.

7.2.1 Teacher Satisfaction

Under the status quo, teachers likely knew both the (minimum) performance expected for
their pay and that they could treat these standards as discretionary. Introducing routine
evaluations tied to an incentive contract could have heterogenous impacts of ambiguous
directions on teacher satisfaction. TSA teachers who felt entitled to the allowance might
consider these pay reforms unfair and feel less appreciated. Non-TSA teachers — who were
paid less for similar efforts and were less satisfied under the status quo — might consider
such reforms fairer. Finally, regardless of TSA status, intrinsically motivated teachers could
see these reforms as affirming the importance of standards and, hence, an appreciation of
the (intrinsic) worth of their job.

Table 11 presents the impacts of our interventions on teacher satisfaction. Columns 1-4
show no evidence that the interventions led teachers to feel less appreciated. Panel A shows
that all three interventions increased TSA teachers’ perceived sense of appreciation from
the district government and the community that persisted into the second year. Panel B
suggests somewhat less uniformly positive (albeit not broadly negative) impacts on non-TSA
teachers’ perceptions, especially in the first year.

Columns 5-6 show that all three interventions had neutral to positive impacts on teachers’
satisfaction of their salary in the first year in ways that are similar between TSA and non-
TSA teachers and relatively stable over time. Column 7 shows that their effects on job
satisfaction were neutral for SAM and SAM+Score. Interestingly, SAM+Cam significantly
increased the job satisfaction of non-TSA teachers, whose salaries were unaffected by its
incentive contract, more strongly than that of TSA teachers. Its effect, however, dissipated

over time (column 8).

7.2.2 Parent Satisfaction and Educational Aspirations

Table 12 presents the impact estimates on parents’ satisfaction with the their children’s school
and learning, as well as on the education aspirations for their children. All interventions

improved parents’ view of the school quality from a high baseline with 91 percent of parents
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Table 11: Teacher Satisfaction

Current job
in this school

Appreciation from the [...] Salary

district community

2018 2019 2018 2019 2018 2019 2018 2019

(1) (2) (3) (4) (5) (6) (7) (8)
Panel A. TSA teachers

SAM 0.157  0.420  0.229  0.153  0.115 -0.029 0.069 -0.049
(0.152) (0.156) (0.125) (0.144) (0.151)  (0.157)  (0.056)  (0.061)
SAM+Cam 0.209 0339  0.343 0.353  0.221 0.231 0.052 -0.055
(0.149) (0.154) (0.123) (0.144) (0.148) (0.156)  (0.055)  (0.061)
SAM+Score 0.339 0.489 0.606 0.058
(0.153) (0.127) (0.152) (0.057)
Control group mean  4.87 4.96 5.07 5.26 4.71 4.95 3.06 3.10
Observations 905 616 905 616 905 616 905 617
Panel B. Non-TSA teachers
SAM -0.210  0.304  -0.063 0.347  0.216 0.335 0.010 -0.259
(0.253) (0.297) (0.231) (0.286) (0.240) (0.279) (0.078)  (0.114)
SAM+Cam 0.380  0.035  0.038  0.621 0.246 0.235 0.323 -0.135
(0.256) (0.305) (0.234) (0.294) (0.243) (0.283) (0.079)  (0.117)
SAM+Score 0.463 -0.026 0.685 0.093
(0.256) (0.234) (0.243) (0.078)
Control group mean  3.66 4.08 4.83 4.60 2.88 3.15 2.92 3.02
Observations 458 299 458 299 458 299 458 299

Notes: The sample are those of baseline class teachers. Column 1-6 outcomes are measured using a 7-point
scale while column 7-8 outcomes are measured on a 4-point scale. Individual controls include sex, age,
education, and the baseline outcome. School-level controls include school-level mean scores for the outcome,
the total number of teachers and civil-servant teachers, the total number of students, and dummy variables
for whether the school is a private school and whether it was among the three control schools who became
TSA-ineligible due to the change in the government’s definition of remoteness. The controls also include
interactions between each aforementioned individual-level control and a dummy variable indicating that the
control variable’s value is missing for the observation. Standard errors are clustered at the village level.
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rating their children’s school as good or very good. Columns 1-2 show that all interventions
increased this by about 5 pp after one year, and these positive improvements persisted into
the second year for SAM and SAM+Cam.

However, parents slowly update their belief on the interventions’ impacts on student
learning. Column 3 shows no one-year impact on whether parents were satisfied with their
children’s learning results. For both SAM and SAM+Cam, their satisfactions of the learning
results significantly improved by the second year (column 4).

All interventions improved parents’ educational aspirations for their children. Column 5
shows parents’ stronger agreement with the statement that they would prefer their children
to go to college instead of working. These effects were similar across interventions. Column 6
shows that these effects persisted for SAM and SAM+Cam: in the second year, the effects

of these two interventions remained positive, but were smaller.

Table 12: Parent Satisfactions and Aspirations

Considers school . . : Prefers that child
Satisfaction with . .
to be good . pursues university
learning results :
or very good over working

2018 2019 2018 2019 2018 2019
(1) (2) (3) (4) (5) (6)

SAM 0.049 0.051 0.032 0.165 0.091 0.048
(0.017)  (0.016) (0.081) (0.083) (0.027) (0.035)
SAM+Cam 0.055 0.053 0.033 0.181 0.092 0.063
(0.017)  (0.015)  (0.089) (0.083) (0.028) (0.033)
SAM+Score 0.053 0.219 0.076
(0.018) (0.101) (0.026)
Control group mean  0.911 0.901 4.500 4.940 3.510 3.500
Observations 5310 4164 5401 4185 5401 4165

Notes: Columns 3—4 outcomes are averages of satisfactions in Indonesian and mathematics
learning, each was measured on a 7-point scale. Columns 5-6 outcomes were measured
on a 4-point scale. Student-level controls are sex, age dummies, both parents’ educa-
tion, whether the respondent is the child’s mother, and the baseline outcome. School-level
controls are its private school status and whether it became TSA-ineligible from the govern-
ment’s redefinition of remoteness (see Section 3.3). The controls also include interactions
between each individual-level control and a dummy indicating that its value is missing.
Standard errors are clustered at the village level.
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7.3 Cost Effectiveness.

The investment cost of implementation for project facilitators was USD 5,058 per school or
USD 40 per student, which includes all costs over the study period. The cost for SAM+Cam
schools was USD 492 per school (or USD 4 per student) higher to purchase the mobile phones
and maintain the application. After one year of intervention, SAM+Cam improved learning
outcomes by 0.2 sds, at USD 44 per student. This means it costs USD 22 per student per
0.1 sd increase. The cost to sustain SAM in the second year was USD 2,182 per school (USD
17 per student). As in the first year, SAM+Cam requires an additional USD 492 per school
(or USD 4 per student). Appendix G details the cost calculation.

Although these interventions were implemented in remote areas, their costs were on par
with similar interventions that had been rigorously evaluated (see Glewwe and Muralidharan,
2016; JPAL, 2019).2" For SAM, the most comparable study is that of Pradhan et al. (2014) in
Indonesia. Its most successful intervention, which strengthened school committees through
a combination of democratic elections of members and facilitating joint planning with the

t.28 Three studies on conditional

village council, cost USD 7.50 for 0.1 sd learning improvemen
cash transfers improved learning outcomes with costs averaging USD 77 per 0.1 sd increase.
For performance-pay interventions, camera monitoring and teacher-presence-based payment
in India costs USD 44 per 0.1 sd increase, excluding the cost of staff, transportation, and

monthly meetings. A teacher incentive intervention in Kenya and India respectively costs
USD 16 and USD 1 per 0.1 sd increase.

8 Conclusion

This study investigates whether adding incentive payments based on community monitor-
ing reports from a social accountability intervention could overcome some of the shortcom-
ings of participatory programs noted in earlier studies. Our findings suggest that not all
performance-pay contracts improve the effectiveness of a social accountability intervention.
For remote schools — where the regular teacher (agent) has a relatively strong authority
and is more likely to challenge the UC (principal) — a simple transparent rule that targets
an incomplete but verifiable measure of performance works better than a comprehensive

evaluation that is more prone to subjectivity.

2TWe converted our costs to 2011 US dollars using US GDP deflators from 2011 and 2017 to make them
comparable to those in Glewwe and Muralidharan (2016) and JPAL (2019).

28This result is conditional upon receiving a grant of USD 870 per school committee. All school committees
in the comparison group were provided the grant. The grant by itself had no significant impact on learning
outcomes.
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We also find that teachers and other stakeholders in the community accept performance
pay. The lack of major pushbacks and the positive impacts on reported satisfaction suggest
that scale-up is politically feasible. They alleviate concerns that performance-pay schemes
would lead to widespread dissatisfaction among affected teachers.?’ If anything, these pay
reforms made teachers feel more appreciated and improved teacher satisfaction about their
pay. The fact that these impacts are stronger among non-TSA teachers suggests that the
interventions might have made the allowance seem fairer to non-recipients. This is consistent
with results from a separate survey of Indonesian schools that finds that individual teachers
prefer performance-based over seniority-based pay (Perez-Alvarez et al., 2020).

Finally, our findings reiterate the difficulty of sustaining high teacher effort without ex-
ternal support. Over time, headmasters take actions that end up undermining an effective
incentive contract. This is neither unique nor surprising: Banerjee et al. (2008)’s study of
public health facilities in India similarly finds that the administration systematically un-
dermined a successful incentive system to reduce absenteeism by allowing nurses to claim
increasing number of “exempt days”. Although SAM+Cam’s persistent impacts on out-
comes other than teacher effort suggest that changes to the learning environment could
sustain the learning impacts despite the low teacher effort, finding ways to sustain teacher
impacts is fundamentally important. Future research could consider a complementary top-
down monitoring (e.g., infrequent visits or phone calls from external supervisors) to energize

stakeholders, close loopholes, and signal support from the local education authority.
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A The Stratification of Treatment Assignments

We use a simulation to construct groups of similar schools to form a stratum. We begin
by constructing a measure of within-group dissimilarity for a particular random grouping of
schools. For this, we first standardized all variables by subtracting the mean and dividing
by the standard deviation. Then, we define a within-group absolute distance as

D(g) = Z Z Z | Tgkj — il

v gJ<i

where k indexes the underlying matching variable (e.g., the mobile phone signal), ¢ and j
denote the village id within the group ¢. Finally, we sum up the within-group absolute
distances across all groups for this random sorting of villages to construct the within-group
dissimilarity measure for a particular random grouping.

To determine the groups of schools with the smallest within-group dissimilarity, for each
district, we randomly sorted villages, sequentially allocated them to groups, and calculated
their total within-group dissimilarity. We then take another random draw and repeat this
procedure. If the total distance in the new draw is smaller than any in the previous draws,
we retain the grouping. We repeated the process 1,000 times. Because the procedure is
implemented separately for each district, a group is always defined within a district.

B Implementation Details

1 The Social Accountability Intervention
1.1 Scorecard Indicators

We study three aspects of the scorecard. First, we examine how the treatments affect how
the scorecards are constructed. Second, we investigate whether the weight assigned to an
indicator correlates with a baseline assessment of teacher performance. Finally, we look
at whether the score assigned by the UC correlates with the teacher’s effort on the aspect
associated with the indicator.

Treatment Impact on the Choice of Indicators. We assigned the revised indicators
into 12 categories and coded whether each had a frequency (e.g., twice a week) or time re-
quirement (e.g., for fifteen minutes) specified. Panel A of Table B.1 presents the regression
of the weight (i.e., maximum score in a scorecard) assigned to the indicator class and the
treatment. The coefficients on the constant in Panel A of Table B.1 indicate the average
weights assigned to the indicators classes. We find that after the presence indicator, indi-
cators related to pedagogy (0.24), assessment (0.14), and additional intra-curricular classes
(0.10) received the highest weight. However, Panel A suggests that there is no correlation
between the weight assigned to the indicator class and the treatment.

Panel B of Table B.1 presents a similar regression, but instead of regressing the indi-
cator weight, we regress the interaction of the indicator weight and a dummy variable of



Table B.1: Weighted Indicators By Treatment

Teach in Additional  Extra- Parent Student Freq/ time
Present Class Prepare Assess Intra-cur  curricular Pedagogy Others Engagement Presence specified
(1) 2 3) (4) (5) (6) (M) (8) 9) (10) (11)
Panel A. Without frequency/time specified
SAM+Cam -0.010 -0.011 -0.008 0.002 0.014 -0.011 0.028 0.001 0.007 -0.008
(0.013) (0.010) (0.005) (0.015) (0.016) (0.010) (0.024) (0.003) (0.010) (0.004)
SAM-+Score -0.015 0.009 -0.004 -0.012 0.009 -0.016 -0.004 0.007 0.002 -0.004
(0.013) (0.011) (0.005) (0.014) (0.016) (0.010) (0.021) (0.003) (0.009) (0.004)
Constant 0.294 0.039 0.014 0.144 0.098 0.046 0.243 0.002 0.032 0.012
(0.010) (0.007) (0.004) (0.011) (0.012) (0.007) (0.016) (0.002) (0.007) (0.003)
Panel B. With frequency/time specified
SAM+Cam -0.007 -0.007 -0.006 -0.018 -0.028 -0.002 -0.008 -0.000 -0.005 -0.007 -0.069
(0.011) (0.004) (0.003) (0.013) (0.013) (0.008) (0.013) (0.002) (0.008) (0.004) (0.026)
SAM+-Score -0.018 0.001 -0.006 -0.009 -0.004 -0.004 -0.026 0.001 -0.002 -0.004 -0.060
(0.011) (0.004) (0.003) (0.012) (0.013) (0.007) (0.013) (0.002) (0.009) (0.003) (0.024)
Constant 0.272 0.009 0.007 0.082 0.063 0.025 0.091 0.002 0.023 0.009 0.577
(0.008) (0.003) (0.003) (0.009) (0.010) (0.005) (0.009) (0.001) (0.007) (0.002) (0.018)
Observations 1287 1287 1287 1287 1287 1287 1287 1287 1287 1287 1287
Strata FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notes: Standard errors are clustered at the village level.



whether the indicator included a time or frequency requirement. Here, we find that the indi-
cators in the two SAM+ treatments are less likely to specify time or frequency requirements.
This result suggests that the incentive treatments reduced the specificity in the teachers’
commitment to improve learning.

Baseline Teacher Performance and Indicator Weights. We matched the indicator
classes to performance measures included in the baseline survey. Table B.2 describes how
we mapped the indicators to the teacher effort variables. Table B.3 shows little indication of
a systematic relationship between the indicators chosen and their associated teacher effort
variable at baseline.

The Scorecard as a Noisy Performance Indicator. We find that the scorecard used
in SAM+Score’s incentive contract is a noisy performance indicator. We estimate the corre-
lations between the scorecard indicators and teacher efforts. We find that for most indicator
groups, both the assigned weight and the score are weakly correlated with the associated
teacher effort. Table B.4 presents the coefficients on the treatment interaction with the indi-
cator weight (Panel A) and score (Panel B) regressors. The only category for which both the
weight and the score were associated with higher teacher effort in all treatments was the de-
mand for additional intra-curricular lessons.! The association between this indicator’s weight
and teacher effort was weakest for SAM+Score schools. Meanwhile, the parent engagement
indicator is associated with more parent meetings only in the SAM+Score schools.

1.2 User Committee and the Monthly Evaluation Meetings

Most village cadres and UC members did not change until the endline. The follow-up survey
only collected data from the UC in SAM and SAM+Cam treatments. Three UCs are reported
as inactive, and the survey found that 26 percent of members have been replaced. Compared
to the endline, the follow-up survey found an increased share of female members (from 46
to 48 percent) and of those with more than a secondary school education (from 27 to 31
percent) in the UCs.

We find variations in the way monthly meetings were conducted. In some villages, UC
members and teachers conducted face-to-face evaluation of the scorecards. In others, the UC
members gave the scorecard results to the village cadres, to be delivered to the teachers.? In
2017, 168 treatment schools received some support from the village budget; by 2019, all 203
treatment schools did so. The amount of funding provided by the village government varied
widely. District averages of the annual amount allocated by each village ranged from IDR
1.471 million (USD 104) in Sintang to IDR 9.022 million (USD 646) in East Manggarai.® Tt

'We show above that additional intra-curricular lessons are positively correlated with learning at baseline
(see footnote 16).

2Focus group discussions with facilitators suggest that village-specific idiosyncracies —e.g., cultural norms
and initial resistance from teachers to have their performance being evaluated so openly — drove these
differences.

3Cost figures in Indonesian rupiah were converted to US dollars at an exchange rate of IDR 13,490 per USD,
the average market exchange rate over the implementation period.



Table B.2: Mapping from Indicator to Teacher Effort Variables

Indicator

Teacher Effort

Variable Name

Description

Variable Name

Data Source

Present
Teach in class

Prepare
Assess

Additional Intra-curricular
Extra-curricular

Pedagogy

Parent Engagement

Student Presence

Teacher is present in school during office hours
Teacher is in class and teaching

Teacher prepares/provides/completes a lesson plan
Teacher gives/corrects/grades in-school
or take-home assignments

Teacher provides additional lessons/
enrichment of intra-curricular materials
Extra-curricular activities (e.g., going
to the library, eagle scouts, art)
Implement certain teaching methods or
use teaching props; ensure that children
understand the materials

Teacher conducts regular meetings with
parents; communicates with parents if
students were absent; communicate
student progress through a student
Botwodent is present

Teacher presence
Teacher teach in class
Hours spent teaching
Preparation hours
Assessment hours

Hours for
additional lessons
Extracurricular hours

Number of
teacher-parent
meetings

TAS
TAS
Teacher survey
Teacher survey
Teacher survey

Teacher survey

Teacher survey

Parent survey

Notes: TAS = Teacher absence survey. All teacher hours variables are self reported.



Table B.3: Weighted Indicators and Baseline Teacher Efforts

Present Teach in Additional EXFra_ Parent
1 School Class Prepare Assess Intra- Curricular Engagement
Cur. Activities

(1) (2) (3) (4) Le5gns (6) (7)

Baseline Effort 0.014 0.002 0.000 -0.001 0.003 -0.001 -0.001
(0.011) (0.008) (0.000) (0.002) (0.002) (0.001) (0.001)

... X SAM+Cam -0.023 -0.003 0.000 -0.001 -0.003 0.004 0.001
(0.017) (0.010) (0.000) (0.002) (0.002) (0.002) (0.001)

... X SAM+Score -0.028 -0.012 -0.001 -0.001 -0.002 0.000 0.001
(0.017) (0.011) (0.001) (0.002) (0.003) (0.002) (0.001)

Constant 0.332 0.042 0.011 0.086 0.087 0.167 0.032
(0.029) (0.015) (0.008) (0.025) (0.019) (0.021) (0.006)

... X SAM+Cam 0.004 -0.007 -0.008 0.016 0.026 -0.015 0.008
(0.020) (0.012) (0.006) (0.019) (0.016) (0.010) (0.010)

... X SAM+Score 0.003 0.017 -0.001 -0.005 0.026 -0.018 0.003
(0.021) (0.014) (0.007) (0.017) (0.015) (0.010) (0.009)

Observations 952 952 874 874 874 874 2695

Strata FE Yes Yes Yes Yes Yes Yes Yes

Notes: Baseline variables on whether the teacher was present or teaching in class (columns 1 and 2) were obtained
from the TAS. Baseline hours that teacher spent to prepare, assess, provide additional intra-curricular lessons, and
implement extracurricular activities were calculated from the self-reported teacher hours from the teacher survey
(columns 3-6). The number of meetings between parents and teachers (column 6) was calculated from the maxima
number of meetings on various topics from the parent survey data. Except for column 6, all regressions controlled
for teacher age, sex, highest level of education, and a dummy for missing the education variable. Standard errors are

clustered at the village level.



Table B.4: Weighted Indicators and Teacher Efforts

Self-reported Hours Number
Presence .Tecalch Additional Extra- p of
HIASS - prepare  Teach Assess Intra- Curricular are‘nt ]
Cur. Activities V eetngs
(1) (2) (3) (4) (5) Let6ons (7) (8)
Panel A. Indicator Weights
Indicator Weight
... X SAM -0.131 -0.094 4.421 -1.661 -2.305 5.540 0.734 0.247
(0.251)  (0.398)  (5.616) (3.175)  (1.569) (1.437) (1.015)  (2.868)
... X SAM+Cam  -0.569 -0.098  -11.730  -7.043 -0.197 4.333 -0.303 -0.836
(0.208)  (0.572)  (7.497) (5.060)  (1.265) (1.432) (1.191)  (2.653)
... X SAM+Score  -0.082 -0.154  -16.544  -1.639 0.491 2.234 0.349 9.965
(0.239) (0.349) (6.827) (5.700) (2.193) (1.003) (1.125)  (2.689)
Observations 1140 1140 1150 1150 1150 1150 1150 3354
Panel B. Indicator Scores
Indicator Score
... X SAM -0.001 0.006 -0.010 -0.010 -0.026 0.047 0.021 -0.007
(0.004)  (0.003)  (0.060) (0.041)  (0.015) (0.015) (0.012)  (0.023)
... X SAM+Cam  -0.005 0.002 -0.061 -0.054 -0.008 0.039 -0.003 0.010
(0.003)  (0.006)  (0.063)  (0.056) (0.016) (0.014) (0.011)  (0.025)
... X SAM+Score  -0.002 0.000 -0.148 -0.022 -0.009 0.041 0.010 0.102
(0.003)  (0.003)  (0.048)  (0.050)  (0.023) (0.012) (0.009)  (0.029)
Observations 1024 1024 1029 1029 1029 1029 1029 2993

Notes: The outcome variables for column 1-2 are from the Teacher Absence Survey (TAS); columns 3-7 are from
the teacher survey; and column 8 is from the parent survey. The regressors in Panel A are the interactions of the
treatment group indicators with the weights assigned to the scorecard indicator related to the various teacher effort
categories. The regressors in Panel B are the interactions of the treatment group indicators with the scores given
to indicators in January 2018 (before the outcome variables were collected) for the various teacher effort categories.
All regressions include treatment group dummy variables. Teacher regressions (columns 1-7) control for teacher age
and sex. Standard errors clustered at the school level.



also varied widely within each district: in Sintang, for example, the annual support ranged

from IDR 750,000 (USD 54) to IDR 6.4 million (USD 460).

2 Performance Pay

Two issues affected the early implementation of the performance pay mechanism. First,
administrative holdups delayed the implementation of the incentive payments for approxi-
mately 15 percent of the 135 SAM+Cam and 3 schools. Out of 135 schools, 113 had their
first evaluation meeting between April and May 2017, and first had their TSA incentivized
in April 2017. The remaining 22 schools were affected by the holdup and held their first
meeting between June and July 2017. By October 2017, all 135 schools had their TSA in-
centivized. Second, due to the end-of-year budgetary account closure, TSAs for the second
half of November and December were paid in full irrespective of the scorecard.

N
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Notes: The salary cut is calculated as a percentage of the special
allowance. The gray line indicates the cutoff score of 85. Markers
are weighted by the number of observations in that point. The graph
includes observations between August 2017 and March 2019, exclud-
ing December 2017 and 2018 when salaries were not cut.

Figure B.1: Compliance of the 85 Percent Rule in SAM+Cam

A potential concern with the incentive contracts was that, out of political or other con-
cerns, the government did not fully enforce the penalty on the allowance. We show that
this was not a problem in our study. TSA teachers in SAM+Score (SAM+Cam) received
an average pay cut of around 6.9 (10.1) percent. Furthermore, the SAM+Cam penalty rule
was strictly followed. In SAM+Cam, TSA teachers with a presence score below 85 do not
receive the allowance. The remaining TSA teachers receive a percentage of their allowance
that corresponds to their presence score. Figure B.1 plots of the payment cut against the
presence score and shows that the rule was applied correctly 97 percent of the time.



C Lab-in-the-Field Experiment on Punishment Norms

To construct a measure of punishment norms, we employ a public goods game with pun-
ishment lab-in-the-field experiment (Fehr and Géchter, 2000). Budgetary constraints meant
that we could only implement the experiment in 182 out of 270 schools. Furthermore, the
baseline survey (and hence, the experiment) were conducted prior to the random assignment
of the treatment arms. We therefore had to randomly selected the subset of schools that
would participate in the lab-in-the-field experiment prior to the treatment assignment. As
the result, the distribution of the included schools across the treatment arms was not per-
fectly balanced: 42, 48, 45, and 47 participating schools were part of the Control, SAM,
SAM+Cam, and SAM+Score respectively.

In each school, we invited a total of between 16 and 20 parents and teachers to participate
in a set of public goods game. All sessions comprise three stages, with three rounds in each
stage. Within each stage, participants played with the same set of individuals but groups are
reshuffled at the beginning of each stage. In the first stage, participants anonymously play
a standard public goods games where they contribute to a group account. All contributions
are doubled and redistributed to all members. In the second stage, participants are informed
of the teacher-parent composition of their groups and played the same public goods game.

We use data collected in the Stage 3 where we added a punishment component to the
Stage 2 game, to construct our measure of school-level punishment norms. As in Stage 2,
participants in Stage 3 know the teacher-parent composition of their group. In this stage,
once participants observed the outcome of the first stage and the contribution of each group
member, participants can purchase punishment tokens to penalize any member(s) of their
group. Even though participants did not know the real identity of their group members,
they were informed of whether a particular member of the group was a teacher or a parent.
We also randomly allocated schools to either social and monetary punishments.*

We define the punishment norm as the willingness to punish below-(session-)average
public good contributions along the specification of Fehr and Géchter (2000). To cleanly
measure punishment norms without the potential effect of repeated interactions, we estimate
our measure based on how participants play in the first round of Stage 3. School-level
measurement norms are constructed by regressing the following specification:

Psi:Z@;(Ss ><D_)+Zﬁj(5s X DY) +79G+ns+e¢

where P,; is the total punishment received by individual ¢ in school s; S, is the dummy
variables for each school; D~ is absolute value of the negative deviation of i’s contribution
from the session average contribution; D~ is the positive deviation of ¢’s contribution; G
is whether the school plays the social- or monetary-punishment game; and 7y is the school
fixed effects. ., which is the school-specific elasticity of punishments with respect to under-
contribution (relative to the session mean) is our measure of the school-specific punishment
norm.

4In the social-punishment game, punishment tokens sent to others resulted in a sticker that expressed
dissatisfaction without any monetary consequence to the receiver. In the monetary-punishment game,
punishment tokens reduced the receiver’s private payoff.



Additional Tables and Figures

Table D.1: Balance Tables: Student and Parent Characteristics

Control H...] — HControl
mean, (p-value)
Hcontrol SAM+  SAM+
(s-e.) SAM Cam Score
(1) (2) 3) (4)
Panel A. Student Characteristics
Male 0.51 0.02 0.01 0.02
(0.50) (0.01) (0.38) (0.01)
Age 10.76 -0.13 -0.07 -0.11
(2.03) (0.12) (0.38) (0.15)
Mother’s years of education 6.16 0.28 -0.01 0.13
(2.65) (0.09) (0.98) (0.48)
Father’s years of education 6.53 0.33 0.06 0.14
(2.77) (0.04) (0.80) (0.39)
Baseline learning assessment scores:
Indonesian 37.83 -0.89 0.63 -1.27
(21.26) (0.65) (0.74) (0.54)
Mathematics 38.63 -1.48 -0.69 -1.81
(22.45) (0.49)  (0.72)  (0.43)
Mean score 38.23 -1.19 -0.03 -1.54

Mother is the respondent

Education expenditure last year (000 Rp)
Hours of child’s accompanied learning (last week)

Meetings with principal/teacher in the year

(19.65) (0.56)  (0.99)  (0.47)

Panel B. Parent Characteristics

0.43 0.01 0.01 0.04
(0.50) (0.49)  (0.53)  (0.04)
302.42 877 486 2356

(252.06)  (0.37)  (0.61)  (0.02)

2.45 0.36 0.03 0.30
(2.95) (0.00)  (0.77)  (0.01)
1.10 0.11 0.03 0.07
(5.99) (0.55)  (0.89)  (0.71)

Notes: Standard errors are clustered at the village level.



Table D.2: Balance Tables: Teacher and School Characteristics

Control L[...] — HControl
mean, (p-value)
HControl SAM+ SAM+
(s-e.) SAM Cam Score
(1) (2) (3) (4)
Panel A. Teacher Characteristics
Age 36.92 -0.16 -0.20 -0.50
(10.68) (0.82) (0.78) (0.48)
Male 0.46 0.03 0.01 -0.01
(0.50) (0.31) (0.77) (0.84)
Married 0.87 -0.02 -0.00 -0.01
(0.34) (0.34) (0.99) (0.56)
Bachelor’s degree or higher 0.50 0.02 0.05 0.06
(0.50) (0.50) (0.13) (0.07)
Received TSA in 2017 0.60 0.05 0.05 0.03
(0.49) (0.11) (0.14) (0.33)
Share of teachers observed to be:
... present 0.78 -0.01 0.03 0.04
(0.41) (0.77) (0.32) (0.10)
... working 0.75 -0.02 0.01 0.01
(0.43) (0.45) (0.81) (0.63)
... teaching (when scheduled) 0.73 0.01 0.02 0.01
(0.45) (0.79) (0.62) (0.81)
Panel B. School Characteristics
Number of teachers 8.42 -0.06 0.13 0.36
(2.05) (0.86) (0.73) (0.40)
Number of civil servant teachers 3.97 -0.07 -0.10 0.19
(1.51) (0.79) (0.71) (0.49)
Number of students 111.87 -10.84 -6.92 -3.07
(52.14) (0.19) (0.39) (0.72)
Private school 0.12 -0.06 -0.05 -0.04
(0.33) (0.22) (0.37) (0.39)

Notes: Standard errors are clustered at the village level.
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Table D.3: Impact on Student Learning: No Individual Controls

Mean Score Mean Score Grade
(Grades 3-6) Repetition
2018 2019 2018 2019 2018 2019
(1) (2) (3) (4) (5) (6)
SAM 0.066  0.027  0.079  0.027  0.013  -0.000
(0.042) (0.034) (0.038) (0.034) (0.009) (0.009)
SAM+Cam 0.190  0.145  0.157  0.145  0.005  0.013
(0.042) (0.035) (0.038) (0.035) (0.009) (0.008)
SAM+Score 0.085 0.071 0.012
(0.040) (0.035) (0.010)
Control group mean 0.08 0.04
Control group raw-score:
Mean 47.08  40.63 4797  40.63
Standard deviation 18.86 19.73 19.12 19.73
Randomization inference p-value (N = 2000):
SAM 0.165  0.541  0.090  0.544  0.259  0.983
SAM+Cam 0.000  0.002  0.001  0.000 0.685  0.176
SAM-+Score 0.069 0.076 0.306
Observations 31022 15108 21448 15108 24719 13257

Notes: Student-level controls are sex, age, mother’s and father’s years of education, and
baseline outcome. School-level controls are its baseline mean outcome, its private status
and whether it became TSA-ineligible from the government’s redefinition of remoteness
(see Section 3.3). The controls also include interactions between each individual-level
control and a dummy indicating that its value is missing. The randomization inference
(RI) tests the sharp null hypothesis of no effect for each individual treatment (holding other
treatment assignments constant). The RI’s resampling process replicates the assignment
procedure described in Section 3.3. Standard errors are clustered at the village level.
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Table D.4: Student Attrition

2018 2019 2018 2019
(1) (2) (3) (4)
SAM -0.005 -0.005 -0.006 -0.006
(0.006) (0.010) (0.008) (0.013)
... %X Above-median student 0.002 0.001
(0.008) (0.015)
SAM+Cam -0.005 -0.013 -0.007 -0.016
(0.005) (0.009) (0.007) (0.012)
... X Above-median student 0.005 0.006
(0.007) (0.014)
SAM+Score -0.010 -0.013
(0.005) (0.007)
... %X Above-median student 0.005
(0.006)
Control group mean 0.07 0.09 0.07 0.09
R? 0.458 0.025 0.459 0.027
Observations 26554 14528 26554 14528

Notes: Student-level controls are sex, age, mother’s and father’s years of
education, and baseline outcome. School-level controls are mean outcome,
and dummy variables for its private status and whether it became TSA-
ineligible from the government’s redefinition of remoteness (see Section 3.3).
The model also includes interactions between each individual-level control
and a dummy indicating that its value is missing, and strata fixed effects.
Standard errors are clustered at the village level.
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Table D.5: Impact on Student Learning with Attrition-Probability-Weight
Correction

Mean Score Grade
(Grades 3-6)1 Repetition

2018 2019 2018 2019 2018 2019
(1) (2) (3) (4) (5) (6)

SAM 0.081 0.039 0.095 0.038 0.010  -0.001

(0.037) (0.032) (0.036) (0.032) (0.010) (0.009)
SAM-+Cam 0.197 0.147 0.170 0.151 0.003 0.013

(0.035) (0.034) (0.034) (0.034) (0.009) (0.008)
SAM+-Score 0.109 0.095 0.008

(0.034) (0.032) (0.010)

Observations 31022 15611 21448 15108 24719 13257

Mean Score

Notes: The inverse probability weights to correct attrition for baseline stu-
dents are constructed by inverting the predicted probability estimated using
a logistic model of non-attrition. The weight for new students in 2018 and
2019 is equal to one. Student-level controls are sex, age, mother’s and fa-
ther’s years of education, and baseline outcome. School-level controls are
its baseline mean outcome, its private status and whether it became TSA-
ineligible from the government’s redefinition of remoteness (see Section 3.3).
The controls also include interactions between each individual-level control
and a dummy indicating that its value is missing. Standard errors are clus-
tered at the village level.
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Table D.6: Impact on Student Learning Outcomes By Subject

All Sample Grades 367
Indonesian Mathematics Indonesian Mathematics
2018 2019 2018 2019 2018 2019 2018 2019
(1) (2) (3) (4) (5) (6) (7) (8)
SAM 0.090 0.026 0.071 0.057 0.094 0.018 0.088 0.062
(0.039) (0.028) (0.042) (0.044) (0.036) (0.028) (0.043) (0.044)
SAM+Cam 0.191 0.111 0.204 0.192 0.153 0.110 0.186 0.200
(0.036) (0.028) (0.041) (0.047) (0.035) (0.028) (0.041) (0.047)
SAM+Score 0.121 0.095 0.101 0.083
(0.034) (0.040) (0.034) (0.039)
Control group raw-score:
Mean 47.13 38.12 47.03 44.04 49.17 37.63 46.78 43.63
Standard deviation 21.80 26.95 20.41 19.69 22.23 27.38 20.31 19.47
Test of equality (P-val)
SAM v. SAM+Cam 0.012 0.003 0.003 0.003 0.136 0.001 0.026 0.002
SAM+Cam v. SAM-+Score  0.062 0.013 0.175 0.014
SAM v. SAM+Score 0.418 0.587 0.870 0.910
Observations 31022 15611 31022 15611 21448 15108 21448 15108

Notes: Standardized scores are grade adjusted. TThe outcome variables are for students who would have been at
grades 3-6 at each respective year. Student-level controls are sex, age, mother’s and father’s years of education, and
baseline outcome. School-level controls are its baseline mean outcome, its private status and whether it became

TSA-ineligible

from the government’s redefinition of remoteness (see Section 3.3). The controls also include

interactions between each individual-level control and a dummy indicating that its value is missing. Standard
errors are clustered at the village level.



Table D.7: Impact on IRT-Corrected Student Learning Outcomes

Uncorrected IRT Corrected

2018 2019 2018 2019
(1) (2) (3) (4)

Panel A. Indonesian

SAM 0.090 0.026 0.091 0.026
(0.039) (0.028) (0.037) (0.028)
SAM+Cam 0.191 0.111 0.189 0.109
(0.036) (0.028) (0.035) (0.029)
SAM+Score 0.121 0.125
(0.034) (0.033)
Panel B. Mathematics
SAM 0.071 0.057 0.069 0.062
(0.042) (0.044) (0.042) (0.044)
SAM+Cam 0.204 0.192 0.207 0.198
(0.041) (0.047) (0.041) (0.047)
SAM+Score 0.095 0.099
(0.040) (0.039)
Observations 31022 15611 31022 15608
Individual controls Yes Yes Yes Yes
Strata FE Yes Yes Yes Yes

Notes: Columns 1-2 are the main impact estimates for each respective subject from Table 3. Columns 3-4 are the standardized
IRT-corrected scores. To this end, we estimated a 3-parameter IRT model for all grades and all rounds for mathematics and
Indonesian separately. For students which repeated a grade during the course of the study, we predict the score for the test
they would have gotten had they not repeated a grade. For the IRT corrected estimates we replaced their actual score with this
predicted score.For mathematics, there was only one linked question between grades 3 and 4; therefore, for students who did
not advance from grade 3, their actual mathematics score were used instead of the predicted score. Three students who were
retained in grade 6 in 2019 were dropped in the IRT estimates because there was no grade 7 tests. Student-level controls are
sex, age, mother’s and father’s years of education, and baseline outcome. School-level controls are its baseline mean outcome,
its private status and whether it became TSA-ineligible from the government’s redefinition of remoteness (see Section 3.3).
The controls also include interactions between each individual-level control and a dummy indicating that its value is missing.
Standard errors are clustered at the village level.

15



Table D.8: Heterogeneous Impacts on Teacher Effort by Punishment Norms

Working Teaching

2018 2019 2018 2019
(1) (2) (3) (4)

SAM 0.032 0.083  -0.085  0.096
(0.056) (0.092) (0.064) (0.098)
SAM+Cam -0.029 -0.013 -0.029 -0.148
(0.066) (0.079) (0.078) (0.100)
SAM+Score -0.021 0.037
(0.077) (0.076)

Above-Median Punishment -0.150 0.060 -0.131 0.067
(0.078) (0.110) (0.091) (0.104)

... x SAM 0.077 -0.121 0.245 -0.113
(0.100) (0.148) (0.103) (0.142)
... X SAM+Cam 0.269  -0.091 0.189 0.035
(0.108) (0.136) (0.139) (0.149)
... X SAM+Score 0.042 0.048
(0.100) (0.115)
Observations 723 493 592 413
Controls Yes Yes Yes Yes
Strata FE Yes Yes Yes Yes

Notes: Treatment variables are interacted with a punishment norm variable based on a lab-in-the-field behavioral games in
182 out of 270 schools. The variable captures whether the average parent participants in the school imposed an above-median
penalties to group members who had a below-average contribution in the public goods game. Teacher respondents include the
sample of class teachers. Individual controls include sex, age, education, and the baseline outcome. School-level controls include
school-level mean scores for the outcome, the total number of teachers and civil-servant teachers, the total number of students,
and dummy variables for whether the school is a private school and whether it was among the three control schools who became
TSA-ineligible due to the change in the government’s definition of remoteness. The controls also include interactions between
each aforementioned individual-level control and a dummy variable indicating that the control variable’s value is missing for
the observation. Standard errors are clustered at the village level.

16



L1

Table D.9: Impact on School Principal’s Reported Excuse for Teacher Absences

Off-school Late arrival, early Sick and personal
assignments departure leave Others
(No penalty) (0.5-1.5% penalty)? (0-2% penalty)?*
2018 2019 2018 2019 2018 2019 2018 2019
(1) (2) (3) (4) (5) (6) (7) (8)
SAM 0.043 0.204 -0.015 -0.140 -0.017 -0.054 -0.007 -0.001
(0.030) (0.085) (0.019) (0.053) (0.031) (0.064) (0.041) (0.084)
SAM+Cam 0.071 0.207 -0.037 -0.133 -0.011 -0.145 -0.025 0.063
(0.030) (0.085) (0.020) (0.051) (0.032) (0.065) (0.045) (0.085)
SAM-+Score 0.129 0.026 0.012 -0.172
(0.037) (0.026) (0.033) (0.052)
Control group mean 0.09 0.15 0.04 0.07 0.11 0.08 0.76 0.70
Observations 901 233 901 233 901 233 901 233
Individual controls Yes Yes Yes Yes Yes Yes Yes Yes
School-level controls Yes Yes Yes Yes Yes Yes Yes Yes
Strata FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: The outcomes are reasons for absent teachers reported by school pricipals. The daily penalty to the TSA presence score for
each excuse in SAM+Cam is in the parentheses. TDaily TSA penalties for late arrivals/early departures range from 0.5 percent (for
less than 30 minutes) to 1.5 percent (for more than 1 hour). *Daily TSA penalties for sick and personal leaves range from 0 (e.g.,
under hospitalization, or the first 10 days of maternity leaves or as an outpatient) to 2 percent (a personal leave or sick leave without
proper notice). Individual controls include sex, age, and education. School-level controls include school-level mean scores for the
outcome, the total number of teachers and civil-servant teachers, the total number of students, and dummy variables for whether the
school is a private school and whether it was among the three control schools who became TSA-ineligible due to the change in the
government’s definition of remoteness. The controls also include interactions between each aforementioned individual-level control
and a dummy variable indicating that the control variable’s value is missing for the observation. Standard errors are clustered at
the village level.



E Disentangling the Two-Year Impacts of SAM and
SAM-+4Cam

In this section, we describe our empirical approach to disentangle the two-year impacts of
our treatments into the knock-on impacts from the first-year implementation and additional
impacts in the second year. Suppose student learning at time ¢ can be described as:

Ye = o+ BT + 0yr—1 + &4 (E.1)

where y = student learning; 8, = the (new) treatment effect of Treatment 7" at time ¢; and
0; = the lagged learning coefficient. Learning at ¢ = 2 can therefore be described as:

Yo = g + o1+ doy1 + €2 (E.2)
Replacing 1, in Equation E.2 with an expression for y; based on Equation E.1, we obtain:

Yo = g + o1 + 6a(ay + 51T + 61y0 + €1) + €2
= ag + (B2 + 6261)T + b2(oq + d1yo +€1) + &2 (E.3)
0

where (82 + d251) = 0 = the reduced form two-year impact estimates. In the absence of a
new second year impact of the treatment, S, = 0 and our reduced form estimates would be
equal to 650 .

To test the null hypothesis of 55 = 0, we need unbiased estimates of d, and 3;. We obtain
dy by estimating Equation E.2 for the control schools. Meanwhile, 8, (63) is the one-year
(two-year) impact estimates for each of the treatments. We estimate dy, 1, and 65 in a
Seemingly Unrelated Regression (SUR) framework with clustered standard errors.

Our results suggest that SAM~+Cam, but not SAM, continued to improve learning above
and beyond the knock-on impact from the first-year implementation. In the top panel
of Table E.1, we show our estimates for the 95, 1, and 6, of SAM and SAM+Cam for
Indonesian, mathematics, and the mean standardized scores. In the middle panel, we use
the delta method to construct (d2 x 5;) for SAM and SAM+Cam. We then test for each
treatment whether (62 x 1) = 02 and present the p-value of that test in the bottom panel.
Our finding suggests that we cannot reject the null hypothesis of 5, = 0 for SAM, but
we reject it for SAM+Cam. Moreover, column 3 suggests that almost half of the two-year
learning impacts on the mean score can be attributed to new impacts in the second year.

F Model Appendix

In this section, we show that the payoff matrix as in Table 7a can be derived from a produc-
tion function of learning that is linear in parent and teacher efforts with complementarities
in their efforts, and simple utility functions that capture how teachers and parents weigh
the benefit from student learning against the utility cost of putting in effort. We derive the
parameter restrictions on the model and provide an interpretation.
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Table E.1: Decomposition of the Two-Year Impacts of SAM and SAM+Cam

Indonesian Math  Mean Score
(1) 2) (3)
Lagged learning at follow-up (d2) 0.378 0.488 0.516
(0.018)  (0.019)  (0.014)

One-year impact ((;):

SAM 0.084 0.067 0.076
(0.038)  (0.045)  (0.039)
SAM+Cam 0.132 0.157 0.145

(0.037)  (0.044)  (0.038)
Two-year impact (6s):

SAM 0.018 0.048 0.033
(0.028)  (0.044)  (0.033)
SAM-+Cam 0.104 0.187 0.143

(0.020)  (0.047)  (0.034)

Nonlinear Combinations:

by X BoAM 0.032 0.033 0.039
(0.015)  (0.022)  (0.020)
by x BrAMFCam 0.050 0.077 0.075

(0.015)  (0.022)  (0.020)

Test of equality (P-val)
by X BAMY . g5AM 0.513 0.646 0.787
1 2
(05 x pEAMACamy §, — SAM+Cam 0.018 0.002 0.007

Notes: The table reports coefficients from a SUR regression to estimate the
coefficient on the lagged learning at follow up among the control schools (9);
the one-year impact of SAM and SAM~+Cam; and the two-year impact of
SAM and SAM+Cam (62). The sample excludes students from grades 1 and
2 at the time the outcome variable was measured. Included control variables
and fixed effects are identical to those in the main regression. Standard errors
are clustered at the village level.
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Assume a linear production of learning:
L = ‘I— Oét.Et + Oép.Ep + atpEtEp <F4)

where L is student learning, F is the effort put into student learning with subscripts ¢ and p
that respectively index teachers and parents. Let £ = 0 denotes low effort and £ = 1 high
effort. All a’s are assumed to be positive.

Parents and teachers derive utility from student learning and there is a utility cost of
effort c¢. Utility is a linear function of learning and the utility cost of effort, to wit:

Teachers: U,(E, E,) = L — ¢i.E; (F.5)
Parents: U,(E, E,) = L —¢,.E, (F.6)

Table 7a indicates the following ordering of the payoffs:

Teachers:  U;(1,0) < U(0,0) and Uy(1,1) < U(0,1) .
Parents: U,(0,1) < U,(0,0) and Uy(1,0) < U,(1,1) (F.8)

Substituting F.4-F.6 into F.7 and F.8, these conditions together require that

Teachers: ¢; > oy + ayy (F.9)
Parents: o, < ¢, < o, + ayp (F.10)

which indicates that the cost of effort for teachers is larger than the marginal utility gains
of learning even if parents put in effort, while for parents the utility cost of effort is within
the bounds of the marginal utility gains of effort with and without teacher effort.

G Efficiency Analysis

We provide the cost breakdown to implement KIAT Guru ini Table G.1. The table includes
all direct costs to set up and maintain the SAM intervention in 203 schools with an average of
132 students per school. Panel A presents the one-time cost to set up the SAM institutions in
the villages in the first year. The project spent USD 1,026,759 to cover the facilitator salaries,
transportation costs, trainings, and other costs associated with the initial set of meetings.
The annualized cost to train 41 facilitators was USD 143,889. The facilitators were hired for
15 months for a total cost of USD 501,483. Each facilitator visited a school with an average
of 11 visits with an average transport cost of USD 112 per visit. In addition, village-level
meetings to set up the service agreement and user committee at the village level (which
included a set of seven meetings) cost USD 633 per school (for a total of USD 128,499). The
one-time cost to set up SAM was USD 40 per student. However, there are additional costs
for the SAM+Cam intervention to purchase of one smart phone per school and salaries for
two personnel to develop and maintain the application.” When annualized, this cost came

>The total additional cost for SAM+Cam was USD 86,341 over the 31-month implementation period (be-
tween November 2016 and May 2019).
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down to USD 33,422 — or equal to an additional USD 4 per student for the SAM+Cam
treatment.

Panel B presents the annualized marginal cost to maintain the interventions. The average
annual cost to sustain SAM was USD 2,182 per school (USD 17 per student), with an
additional USD 492 per school (USD 4 per student) for SAM+Cam schools. This cost
covers an annual refresher training, monthly meetings, and evaluation meeting. For each
school, the annual costs for the refresher training and monthly meetings were USD 709 and
USD 834 respectively. In addition, at the end of each semester, the UC and school providers
reviewed the content of the service agreement and the community scorecard indicators, and
reappointed the UC members in an evaluation meeting. The annual per school cost of the
evaluation meetings was USD 639.

Table G.1: Implementation Costs of KIAT Guru

Panel A. One-time Investment Cost

Cost per Cost per

Total Cost School Student
(1) (2) (3)
Training 143,889 709 6
Salary 501,483 2,470 19
Transport 252,888 1,246 10
Initial Meetings 128,499 633 D
Total 1,026,759 5,058 40
SAM+Cam Additional Cost 33,422 492 4

Panel B. Annual Maintenance Cost

Refresher Training 143,927 709 5)
Monthly Meetings 169,302 834 7
Evaluation Meetings 129,717 639 )
Total 442,946 2,182 17
SAM+Cam Additional Cost 33,422 492 4
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