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Abstract

The recent wave of randomized trials in development economics has provoked crit-
icisms regarding external validity and the neglect of political economy. We investigate
these concerns in a randomized trial designed to assess the prospects for scaling-up a
contract teacher intervention in Kenya, previously shown to raise test scores for pri-
mary students in Western Kenya and various locations in India. The intervention was
implemented in parallel in all eight Kenyan provinces by a non-governmental organi-
zation (NGO) and the Kenyan government. Institutional differences had large effects
on contract teacher performance. We find a significant, positive effect of 0.19 standard
deviations on math and English scores in schools randomly assigned to NGO imple-
mentation, and zero effect in schools receiving contract teachers from the Ministry of
Education. We discuss political economy factors underlying this disparity, and suggest
the need for future work on scaling up proven interventions to work within public sector
institutions.
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1 Introduction

The recent wave of randomized trials in development economics has catalogued a number

of cost-effective, small-scale interventions proven to improve learning, health, and other wel-

fare outcomes. This methodology has also provoked a number of criticisms regarding the

generalizability of experimental findings, including concerns about external validity, general

equilibrium effects, and the neglect of political economy in much of the evaluation literature

(Acemoglu 2010, Deaton 2010, Heckman 1991, Rodrik 2009). These criticisms are particu-

larly relevant when randomized trials of pilot projects run by well-organized and monitored

NGOs are used as the basis for policy prescriptions at the national or global level. As noted

by Banerjee and Duflo (2008), “what distinguishes possible partners for randomized eval-

uations is competence and a willingness to implement projects as planned. These may be

lost when the project scales up. [. . . ] Not enough effort has taken place so far in trying

‘medium scale’ evaluation of programs that have been successful on a small scale, where

these implementation issues would become evident.”

In this paper we employ the methodology of randomized trials to assess these substantive

concerns about political and institutional constraints and measure precisely how treatment

effects change when scaling up. We analyze a policy experiment in Kenya comparing the

effectiveness of NGO and government implementation, and testing for the presence of hetero-

geneous treatment effects in a nationwide sample. The question of NGO versus government

implementation is paramount to the formulation of national policy. Even in a fairly aid-

dependent economy such as Kenya, the vast bulk of spending on primary education comes

from domestic revenue channeled through the Ministry of Education, making the government

the sole institutional actor capable of taking education polices to a national scale.1

1Government schools account for 90.2% of gross primary enrollment in Kenya. Furthermore, as of 2005
the Ministry’s budget for primary education totalled $731 million (Otieno 2009); in contrast, NGOs working
on education received just $4 million in international aid in 2009 (OECD 2012).

2



At the school level, this study replicates one of the most extensively tested, successful

interventions to raise student learning in primary schools: the provision of contract teach-

ers. Banerjee, Cole, Duflo and Linden (2007) present results from a randomized evaluation

showing that an NGO program in urban India hiring young women to tutor lagging students

in grades 3 and 4 led to a 0.28 standard deviation increase in tests scores. Muralidharan and

Sundararaman (2010) evaluate a state-wide program in Andhra Pradesh, finding that hiring

an extra contract teacher leads to an increase in treatment schools of 0.15 and 0.13 standard

deviations on math and language tests, respectively. In both cases, the additional teachers

lead to significant learning gains despite salary costs that are a small fraction of civil service

wages. Finally, of particular relevance for the present study given its geographic focus, Duflo,

Dupas and Kremer (2009) show that exposure to a contract teacher in government schools

in Western Kenya raises test scores by 0.21 standard deviations relative to being taught by

civil service teachers. Furthermore, their experimental design allows them to attribute this

effect to contract teachers per se, rather than the accompanying reduction in class size from

hiring an extra teacher.2

We report on the randomized evaluation of the pilot phase of a nationwide program which

now employs over 18,000 teachers. The pilot was designed to test the Ministry of Education’s

ability to implement a fairly close variant of the NGO project described by Duflo et al. (2009)

and to replicate the results across diverse conditions, spanning urban slums in Nairobi and

nomadic communities in the remote Northeastern province. As part of the government’s

contract teacher pilot, 192 schools were chosen from across all eight Kenyan provinces: 64

were randomly assigned to the control group, 64 to receive a contract teacher as part of

the government program, and 64 to receive a contract teacher under the coordination of

2See Bruns, Filmer and Patrinos (2011) for a summary of additional, non-experimental results on the
impact of contract teachers, including Bourdon, Frolich and Michaelowa (2007) who find positive (negative)
test-score effects on low (high) ability pupils in Mali, Niger, and Togo, and Goyal and Pandley (2009) who
find contract teachers are equally or more likely to be present and teaching relative to civil service teachers in
Madhya Pradesh and Uttar Pradesh, India, and that this higher effort is correlated with pupil performance.
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the local affiliate of an international NGO, World Vision Kenya. The timing, salary levels,

recruitment procedures and all other experimental protocols were held constant across the

government and NGO arms of the evaluation.

While we find positive and significant effects of the program overall, these are concen-

trated entirely in schools where the contract teacher program was administered by an inter-

national NGO. Effects were significantly smaller and indistinguishable from zero in schools

receiving contract teachers from the Ministry of Education. To understand the difference in

outcomes between government and NGO implementation, we explore various ways in which

the political economy of teacher employment in Kenya could have adversely affected the

performance of teachers in the government treatment arm. Specifically, we discuss the role

played by the teachers’ union, which waged an intense political and legal battle that success-

fully altered the the contract teacher program in subsequent years in ways that may have

undermined some of its incentive effects.

Examining the emerging literature on randomized trials in education in developing coun-

tries, and specifically the sub-set of those studies which measure impacts on test scores or

other learning outcomes, it appears that working with governments places some constraints

on the scope of interventions that can be tried.3 NGO pilot programs have tested a wide

range of interventions, particularly in India and Kenya, with a strong focus on accountability

reforms and changes to teacher incentives.4 Meanwhile, programs with government involve-

3Of the 31 studies we examined – all based on randomized trials in developing countries measuring impacts
on test scores or other learning outcomes – 16 were conducted in Asia (13 of which in India), 11 in Africa
(7 of which in Kenya) and 4 in Latin America. (See citations in subsequent footnotes.) Roughly half of the
studies cite significant government involvement in project implementation (14 of 29), including all the Latin
American studies, roughly half the Asian studies, and less than one third of the African studies.

4In India, RCTs have examined NGO programs to encourage parental involvement in schools (Pandey,
Goyal and Sundararaman 2008, Banerjee, Banerji, Duflo, Glennerster, and Khemani 2010), changes to the
English and reading curriculum (He, Linden and MacLeod 2008, He, Linden and MacLeod 2009), use of
information technology in the classroom (Linden, Banerjee and Duflo 2003, Inamdar 2004, Linden 2008),
teacher performance pay (Muralidharan and Sundararaman 2011), student and parent incentives (Berry
2011), cameras in schools to discourage teacher absenteeism (Duflo, Hanna and Ryan 2010), and as already
discussed, contract teachers or tutors (Banerjee et al. 2007, Muralidharan and Sundararaman 2010). Similarly
in Kenya, NGO pilot programs have examined the impact of contract teachers and tracking students (Duflo,
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ment have, by and large, tended to focus on increasing school inputs of various kinds, and

are more likely to occur in Latin America and Asia, and less so in Africa.56 This pattern

is reminiscent of Heckman’s (1991) concept of randomization bias, stemming from the self-

selection of service providers into randomized trials. This paper attempts to overcome this

self-selection of NGOs into randomized trials by involving government directly in the imple-

mentation of a school-level accountability reform, and demonstrates the potential magnitude

of this bias. By comparing government and NGO implementation, our paper illustrates that

RCTs can be a useful tool not only to identify cost-effective ways to enhance school perfor-

mance, but also to identify key bureaucratic and political constraints that adversely effects

governments’ ability to scale up interventions that have been shown to work.

The rest of the paper is organized as follows. Section 2 describes the public primary

schooling system in Kenya. Section 3 outlines the experimental design and randomization

procedures based on a multivariate matching algorithm and reports tests for balance using

baseline data. Section 4 presents the main treatment effect estimates, comparing the relative

effectiveness of NGO and Ministry implementation based on both intention-to-treat (ITT)

effects and average treatment effects for the treated (ATT), where actual treatment is de-

fined as successfully recruiting a contract teacher. Section 4.4 explores possible mechanisms

explaining the government-NGO performance gap. Finally, Section 5 tests for heterogeneous

Dupas and Kremer 2011), teacher incentives (Glewwe, Ilias and Kremer 2010), student incentives (Kremer,
Miguel and Thornton 2009), physical school inputs (Kremer, Moulin and Namunyu 2003, Glewwe, Kremer,
Moulin and Zitzewitz 2004, Glewwe, Kremer and Moulin 2009), and school meals (Vermeersch and Kremer
2005), while in Uganda Barr, Mugisha, Serneels and Zeitlin (2011) report on an RCT of an NGO program
to facilitate community monitoring of schools.

5Governments have been directly involved in evaluations of the learning impacts of conditional cash
transfer programs in Ecuador (Paxson and Schady 2007), Malawi (Baird, McIntosh and Özler 2010), and
Nicaragua (Macours, Schady and Vakis 2011). Other studies have evaluated government programs involving
school meals (Kazianga, de Walque and Alderman 2009), use of ICT in the classroom in Chile (Rosas,
Nussbaum, Cumsille, Marianov, Correa, Flores, Grau, Lagos, Lopez, Lopez, Rodriguez and Salinas 2003) and
Colombia (Barrera-Osorio and Linden 2009), provision of eye-glasses in China Glewwe, Park and Zhao (2011),
and school construction in Afghanistan (Burde and Linden 2010) and reforms to local school management
in Madagascar (Glewwe and Mäıga 2011).

6Notable exceptions to this pattern that we are aware of include the evaluation of World Bank-financed
school management reform program in Madagascar, cited above (Glewwe and Mäıga 2011).
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treatment effects, finding no geographic differences or differences by initial class size, but

some evidence that schools with lower initial test scores benefitted more from a contract

teacher. Section 6 concludes.

2 Context

Primary school enrollment is relatively high in Kenya, but learning levels in primary schools

are poor. According to the most recent available national household survey from 2006, net

primary enrollment was 81%, with government primary schools accounting for 72% (Bold,

Kimenyi, Mwabu and Sandefur 2011). Among children in third grade however, only 3 out of

10 can read a story in English or do simple division problems from the second grade syllabus

(Mugo, Kaburu, Limboro and Kimutai 2011).

The public education system is highly centralized. Officially all resources for the operation

and maintenance of public schools flow through the Ministry of Education via two channels:

non-salary expenditures deposited in school bank accounts, and teacher salaries paid directly

to civil servants. (See Figure 1.) Each of these channels is problematic, as evinced by recent

scandals involving embezzlement of school funds and payments to ‘ghost teachers’.

2.1 School finance

In January 2003, the Kenyan government abolished all school fees in government primary

schools. This “Free Primary Education” (FPE) policy established the current system of

school finance in which government primary schools are prohibited from collecting revenue

and instead receive a central government grant – commonly known as “FPE funds” – of

approximately $13.50 per pupil per annum to cover non-salary costs.7 At the school level,

FPE funds are held in a school bank account administered by a governing body known

7Except where otherwise noted, we convert Kenyan shillings to U.S. dollars using the prevailing exchange
rate at the time of the baseline survey in July 2009, 74.32 shillings per dollar.
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as a school management committee (SMC). The SMC is chaired by the head teacher and

comprised of representatives from the Ministry, parents from each grade, teachers, and in

some cases local community or religious organizations.

Misappropriation of FPE funds was at the center of a major corruption scandal which

emerged in 2009. An external audit commissioned by the Ministry of Education showed

that actual funds disbursed to school bank accounts fell short of the allocated amount by

$4.71 per pupil in 2005 and by smaller but significant amounts in other years. Press reports

estimated that anywhere between $68 million and $590 million of the FPE budget had been

misdirected between 2004 and 2008 (Teyie and Wanyama 2010), leading the President to

suspend several top Ministry officials, and foreign donors including DfID and USAID to

freeze aid disbursements in December 2009.

2.2 Civil service teachers

Formally, all teachers in Kenyan public primary schools are civil servants employed by the

Teacher Service Commission (TSC), a centralized bureaucracy under the direction of the

Ministry of Education. In practice, schools also informally contract local teachers known

as Parent-Teacher Association (PTA) teachers. In the sample of schools surveyed for this

study, 83% of teachers were employed by TSC and the remaining 17% by PTAs. TSC

teachers earned an average of $261 per month in 2009, compared to just $56 per month for

PTA teachers.

The relatively high salaries of TSC teachers create an extreme form of labor market

disequilibrium. On the demand side, the high salaries and the Ministry’s limited budget

lead to unfilled teacher vacancies. At the beginning of 2011 the Ministry of Education

reported a shortage of 61,000 teachers (across roughly 20,000 primary schools) relative to its

target of a 40:1 pupil-teacher ratio. On the supply side, high salaries attract a long queue of

job applicants. TSC hires on the basis of an algorithm that primarily rewards seniority: the
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first applicants to graduate from teacher training college are the first to be hired. In 2010,

Ministry records show that most successful applicants to civil service positions had been in

the job queue for 8 to 11 years. PTA teachers are often drawn from this queue of graduates.

These features contribute to limited accountability for civil service teachers vis-a-vis par-

ents or school management committees. Salaries are paid directly from Nairobi to individual

teachers’ bank accounts. And because of the chronic teacher shortages, parents and schools

have little incentive to pursue disciplinary action against teachers; if a teacher is reassigned

or terminated, a school may wait months or years for a replacement.

2.3 Contract teachers

Motivated by a desire to fill teacher vacancies and regularize PTA teachers, in 2009 the

Directorate of Basic Education within the Ministry of Education proposed an initiative to

provide funds to schools to employ teachers on contract outside of the TSC system. A

steering committee – including Ministry officials and the current authors – was formed to

design a pilot program, evaluate its impacts, and report back to the Permanent Secretary.

Under pressure from the Ministry of Finance to spend funds as part of an economic

stimulus package, the Ministry opted to scale-up the contract teacher program before the

pilot was completed. Thus the randomized pilot program analyzed here was launched in

June 2010, and in October 2010 the Ministry hired 18,000 contract teachers nationwide,

nearly equivalent to one per school. These 18,000 teachers were initially hired on two-year,

non-renewable contracts, at salary levels of roughly $135 per month, somewhat higher than

the highest tier for the pilot phase. In 2011 the Ministry succumbed to political pressure

and agreed to allow the contract teachers to unionize and subsequently to hire all 18,000

contract teachers into the civil service at the end of their contracts.8

8From an evaluation perspective, an obvious concern is that the allocation of these 18,000 contract teachers
contaminated the randomly allocated teachers from the pilot program. It is important to note that allocation
of contract teachers to schools for the full-scale program – while not itself randomized – was done on the
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2.4 Organizational structure of the Ministry and NGO

World Vision is an international NGO with affiliate offices in both donor and implement-

ing countries. In implementing countries, World Vision’s activities are organized in Area

Development Programmes, geographic zones somewhat smaller than a district. In Kenya,

World Vision ADPs are active in only a small fraction of the total districts. Outside of these

areas, World Vision is not present – highlighting again the constraints to scaling up with

a non-governmental service provider. Within the ADPs, World Vision employs permanent

staff and paid “volunteers”, who monitor and implement all World Vision program activities.

In the districts, the Ministry relies on its own local staff – the Education Officer, Staffing

Officer, Quality Assurance and Standard Officers (QASOs) and the Teacher Assistant Centre

(TAC) tutors – to monitor schools and teachers. In principle, the QASOs and TAC tutors

should make routine visits to all schools. The Ministry’s ability to directly call on DEOs to

carry out specific tasks in their districts is limited by the fact that all communication to the

district has to go via the Provincial Directors of Education.

Comparing these structures, it is also worth noting that salaries are higher in the NGO

sector, and World Vision field offices are likely to be better equipped than District Education

Offices with resources such as vehicles, fuel, generators and computers.

3 Experimental design

The experiment was implemented from June 2010 to October 2011 in 14 districts spanning

all 8 Kenyan provinces. 24 schools were sampled from each province, yielding 192 schools

in total. One contract teacher per school was randomly assigned to 128 out of 192 sampled

schools.

basis of pupil-teacher ratios measured during the first quarter of 2010, i.e., prior to the random assignment.
This ensured that the influx of 18,000 new teachers did not offset or in any way respond to the randomly
allocated pilot component.
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In order to disentangle the effect of the various contractual and programmatic arrange-

ments, four variants of the basic contract teacher treatment were also randomly assigned:

(i) government versus NGO implementation of the overall program, (ii) training for school

management committees, (iii) local versus centralized recruitment and payment of contract

teachers, and (iv) two alternative salary offers, equivalent to approximately $121 and $67

per month, respectively. Each of these four dimensions involved a binary choice, yielding

four potential treatment cells and one pure control cell.

3.1 Program details

Contract teachers were randomly assigned to teach either grade 2 or 3.9 As noted above,

the contract teacher intervention combines both a class-size effect and the effect of chang-

ing teacher incentives. Head teachers were instructed to split the class to which the new

contract teacher was assigned, maximizing the reduction in class sizes in the assigned grade

rather than re-allocating teachers across grades. For example, a school which, prior to the

experiment, had a single civil service teacher instructing 70 grade 3 pupils would have been

asked to split grade 3 into two classes, one taught by the pre-existing civil service teacher

and the other taught by the contract teacher. As discussed below, compliance with these

instructions was high but imperfect. Field monitors were able to ensure experimental teach-

ers were assigned to the correct class, but had difficulty ensuring that other teaching staff

were not reallocated to spread the teaching load more evenly, particulary in 2010. By the

2011 school year, reports from field visits suggested that compliance was fairly uniform on

this front.

The experimental sample focuses on schools with high pupil-teacher ratios. Within each

of the eight provinces, districts were chosen non-randomly by the implementing partners,

9Half of the teachers in the experiment were assigned to grade 2 in 2010, and half to grade 3 in 2010.
In 2011, all the contract teachers were placed in grade 3. Thus there is some experimental variation in the
length of direct exposure to the program within the treatment group.
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based in part on the location of the offices of the partnering NGO.10 Within each province,

schools with a pupil-teacher ratio below the median were excluded from the sampling frame.

Using this sampling frame of high pupil-teacher ratio schools, schools were chosen through

simple random sampling within the selected districts.

The effects of the randomized interventions are measured by comparing baseline and

follow-up academic assessments (exams) in math and English in 24 primary schools in each

of Kenya’s 8 provinces (192 total schools). The survey instruments were designed with the

collaboration of Kenya National Examination Council (KNEC) to conform to the national

curriculum. The baseline survey - including pupil exams and questionnaires regarding pupil

characteristics and school facilities - was conducted in July and August of 2009 by the KNEC

and the research team, with a sample of approximately 23,000 pupils. Teachers were placed

in treatment schools in June 2010; their contracts ended in October 2011. Follow-up data

collection was conducted in the same sample of schools in October 2011.

3.2 Treatment variations

The random assignment of schools to NGO versus government implementation, which is at

the center of this study, was overlayed by three additional treatment variations designed

to identify the optimal design for the nationwide contract teacher program. Figure 3 sum-

marizes the partial factorial design of these various treatments. Each dimension presents

a trade-off between what was deemed politically most feasible, versus what had previously

been shown to be effective in small scale NGO trials. Ministry officials agreed to attempt the

latter, more politically contentious forms of the project in hopes of producing experimental

evidence that would help the Ministry make a political case for the technically-preferred

10The sample draws from 14 districts in total, using multiple districts from the same province where
necessary to reach sufficient sample size. These 14 districts were: Nairobi province (North, West, East);
Central province (Muranga South); Coast province (Malindi); Eastern province (Moyale and Laisamis);
North Eastern (Lagdera, Wajir South, Wajir West); Nyanza province (Kuria East and Kuria West); Rift
Valley province (Trans Mara); Western province (Teso).
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design.

High versus low salary Out of the total 128 contract teacher positions created, 96 were

offered KES 5,000 ($67) per month, while 32 were offered KES 9,000 ($121) per month. The

salary variation was designed to explore to what extent salary was linked to performance

and the Ministry’s ability to reduce payroll costs without sacrificing teacher performance.

Central versus local hiring and payment We also explored two modalities for recruit-

ing and paying teachers. In the local cell, responsibility for recruiting and paying contract

teachers was assigned to the school management committee, in order to strengthen local

control over the teacher’s performance. The central cell was more similar to the civil service

model. Teachers were paid by the Ministry or World Vision headquarters in Nairobi, via

direct deposits into personal accounts. In addition, teachers in the central cell were recruited

from the district short-list of candidates from the previous round of civil service hiring. Dis-

trict Education Officers were instructed to hire from the pool of marginal rejects for civil

service jobs. Since the ranking of Teacher Service Commission candidates is primarily based

on time since graduation from teacher training college, marginal rejects would be more or

less guaranteed a job in the next round off hiring.

At the time, the Ministry and teacher unions were actively debating whether or not the

18,000 contract teachers to be hired in the full scale-up would be guaranteed civil service

employment at the end of their two-year contracts. The hypothesis to be tested in this

cross-cut was whether an effective employment guarantee would dull dynamic incentives.

Teachers hired locally constitute a relevant control group as they would on average be more

junior with little or no prospect of graduating into civil service employment.

School management committee training To explore the importance of local account-

ability on teacher (and in turn, student) performance, and in line with Duflo et al. (2009), in
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half of the treatment schools, members of the school management committee were invited to

a two-day training workshop. While school management committees have formal responsi-

bility to monitor teachers and school finances, many parental representatives are unaware or

ill-equipped to perform these duties. The training program drew on manuals developed by

World Vision and the Ministry of Education, with a particular emphasis on sensitizing school

management committees about the contract teacher program in their school and encouraging

them to take a more active role in monitoring teacher performance.

3.3 Randomization

To guarantee that the sample is balanced between treatment and control schools, an optimal

multivariate matching algorithm was used (see Greevy, Lu, Silber and Rosenbaum (2004)

and Bruhn and McKenzie (2009)). Treatment and control schools were matched along the

following dimensions: results in nationwide end-of-primary leaving exams, baseline scores on

the grade 1 test, enrolment, number of classrooms, number of civil service teachers, number

contract teachers and average pay of teachers employed by Parent-Teacher Associations

at baseline. The algorithm created groups of 3 schools, which were matched along the

above dimensions, and then randomly assigned them to the three primary treatment arms:

control, additional teacher with government implementation, and additional teacher with

NGO implementation. The successful outcome of the randomization is reported in Table 1.

Figure 2 shows the distribution of schools assigned to the control group and government or

NGO implementation across the eight provinces.

We also check whether randomization was successful in achieving balance on baseline

indicators that were not explicitly used in the matching algorithm, in particular, baseline

test scores for grades 2 and 3. Denote by Yijt the outcome of interest for pupil i in school j in

period t. Let Zj denote being randomly assigned treatment status, i.e. eligibility to receive

an additional contract teacher. Let SMCj denote the subset of treatment schools that are
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randomly assigned to receive school management committee training. Finally, let Govj = 1

denote a treatment school where the intervention is implemented by the government and

NGOj = 1 a treatment school where the intervention is implemented by the NGO.

To examine whether the treatment and control schools are comparable prior to the in-

tervention, we estimate

Yij,t=0 = α0 + β0Zj + β′0Zj × SMCj + β′′0Zj ×Govj + β′′′0 Zj × SMCj ×Govj + ε0ij,t=0

using the baseline data. As seen from Table 2, none of the treatment dummies are significant,

implying that test scores in treatment and control schools were indistinguishable prior to

the intervention.

4 Comparative effectiveness of government and NGO

programs

As noted in the introduction, a necessary step in scaling up any proven NGO education

intervention in Kenya – as in many other settings – will be a transition to working with the

government as monopoly supplier of public education at the national level. The experiment

here is designed to address this central question of whether the Kenyan government replicate

NGO impacts. Section 4.1 presents the reduced-form treatment effects for the program as a

whole, and the direct comparison of the NGO and government treatment arms. Given the

performance gap between the government and NGO treatment arms in the ITT estimates,

an obvious question arises as to whether this disparity can be explained by poor compliance,

i.e., a failure to fully implement the program in the government treatment arm. Section 4.2

examines the most basic element of program compliance: successfully recruiting a contract

teacher. Section 4.3 builds on this definition of compliance, defining “treatment” as the actual
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presence of a contract teacher in a given school in a given month, and presents instrumental

variables estimates of the impact of actual treatment status (as opposed to mere random

assignment) on student performance in both the NGO and government treatment arms.

We find that differences in compliance between the government and NGO program, while

statistically significant, do nothing to explain differences in treatment effects.

4.1 ITT effects

We begin by estimating the average intention-to-treat (ITT) effect of school-level assignment

to the contract teacher program, then proceed to compare the effects of the NGO and

government treatment arms. The ITT effect is measured by the coefficient on the random

assignment variable Zjt in equation (1).

Yijt = α1 + β1Zjt + γ1Xijt + ε1ijt (1)

The coefficient β1 measures the causal effect of being assigned to treatment status, averag-

ing over schools with varying degrees of success in recruiting contract teachers. We estimate

equation (1) with three alternative sets of controls (Xijt): first, a simple cross-sectional

OLS regression with no controls; second, controlling for initial tests scores averaged at the

school level, Ȳj,t−1; and third, a school-level fixed effects regression. While the cross-sectional

regression without controls provides a consistent estimate of β1 due to randomization, con-

trolling for variations in initial conditions and focusing on relative changes over time using

the lagged-dependent variable and fixed effects models may improve power and precision.

Columns 1 to 3 of the top panel of table 4 present the results for each of these three

estimates of the average ITT effect, respectively. The point estimate is fairly consistent

across all three specifications, at approximately 0.1 standard deviations, though marginally

significant only in the lagged dependent variable model.
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The bottom panel of table 4 repeats estimation from the top panel, allowing for the effect

to differ by implementing agency. In each case, we regress scores on a treatment variable

and the treatment variable interacted with a dummy for government implementation. Thus

for the ITT we estimate

Yijt = α2 + β2Zjt + β′′2Zjt ×Govjt + γ2Xijt + ε2ijt (2)

As above, we estimate three variations of each of these equations with varying sets of controls

(Xijt)

Across all specifications, the results consistently suggest that the overall effect of a con-

tract teacher is driven by the NGO program, with essentially zero effect in the government

treatment arm. Columns 1 to 3 in the bottom panel of table 4 compare the causal of effect of

assignment to NGO versus government implementation of the project. The coefficient on Zjt

shows that NGO implementation raises scores by 0.16 to 0.19 standard deviations. (This co-

efficient is statistically significant at the 5% level in the lagged dependent variable and fixed

effects models, and at the 10% level in the cross-section.) The coefficient on Zjt × Govjt

shows the relative effect of moving from NGO to government implementation. This effect

consistently negative, and statistically significant at the 10% level in the lagged dependent

variable model and at the 5% level in the fixed effects model. Adding the coefficients on Z

and Z ×Gov gives the simple ITT effect within the government sample, which is 0.04 in the

lagged dependent variable model and -.02 in the fixed effects model, with standard errors of

.081 and .088, respectively.

4.2 Compliance: teacher recruitment

The Z variable in the ITT analysis above distinguishes the 128 schools assigned to receive

a contract teacher. In practice, schools had mixed success in recruiting contract teachers,

16



and the proportion of vacancies filled varied by salary level and recruitment method, and

between government and NGO implementation.

Of the 64 schools assigned to the government (NGO) treatment arm, 56 (55) were suc-

cessful in hiring a contract teacher at some point during the programme. However, teachers

did not necessarily stay with the school for the entire duration of the programme and when

a vacancy opened up, it was not always filled. As a consequence, out of the 18 months

of the programme, schools in the government (NGO) arm actually employed a teacher for

11.59 (13) months on average. If we exclude schools that never employed a teacher from this

calculation, the numbers rise to 13.25 and 15.13 months respectively.

Table 3 examines the vacancy rate more closely, modeling success in filling a vacancy as

a function of various demand-side policies that were manipulated by the experiment, as well

as other exogenous and/or predetermined school characteristics. The dependent variable is

a binary indicator of whether a teacher was present and teaching in a given school in a given

month, with monthly observations spanning the duration of the experiment from June 2010

to October 2011. We estimate both a linear probability model and a logit model, with and

with-out controls for school characteristics.

We examine three experimental determinants of teacher labor supply. First, Table 3

shows that offering a “high” salary increases the probability of filling a teaching vacancy by

just under 12%. This effect is significant and consistent between the LPM and logit models,

but not robust to the inclusion of school-level controls. Second, local control over teacher

hiring and payment had an effect of similar magnitude to the salary differential, raising

the probability of a filled vacancy by a robustly significant 14 to 16% across specifications.

Third, NGO implementation led to between 12 and 17% more months with a filled vacancy,

relative to the government treatment arm, and this effect is significant across all specifica-

tions. In addition, the correlation between the probability of filling the teacher vacancy in

our intervention and the general thickness of the labor market – measured as the ratio of
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applicants to vacancies for the 18,000 teachers hired in 2010 – is positive and significant.11.

This provides further evidence that failure to recruit a teacher was sensibly related to local

labor market conditions.

4.3 ATT effects

Can differences in the probability of filling contract teacher vacancies explain the difference

in government and NGO performance? We address this question by estimating average

treatment on the treated (ATT) effects, examining whether NGO-government differences

persist where the program was implemented successfully. Clearly, successful recruitment of

a contract teacher is highly endogenous to factors such as the quality of school management

which may also directly affect pupil performance. We assert, however, that the contract

teacher program will affect student performance if and only if a teacher is successfully hired.

Thus random assignment satisfies the exclusion restriction for a valid instrument for contract

teacher presence, allowing us to estimate ATT effects for both the government and NGO

program.12

As a benchmark, we present a näıve OLS regression of test scores on treatment status,

where Tjt measures the number of months (out of a possible 18 months total duration of the

program) that a contract teacher was in place in a given school.

Yijt = α3 + β3Tjt + γ3Xijt + ε3ijt (3)

Columns 4 to 6 of in the top panel of table 4 report the estimates of equation (3). As seen,

the effect is slightly larger than the ITT effect at between 0.1 to 0.14 standard deviations,

11This is the coefficient in a regression of presence of a teacher on labor market thickness and a constant.
It is significant at the 1% level with standard errors clustered at the school level.

12Note that merely hiring a contract teacher might be considered a fairly minimal level of compliance. In
Section 4.4 we discuss the possible effects of endogenous salary delays and teacher turnover. Crucially, these
refinements to the concept of compliance do nothing to undermine the ignorability of our instrument here,
as they require teacher presence as a minimum starting point.
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but is insignificant across all three specifications. The treatment variable ranges from zero

to one, where one implies a school employed a teacher for all 18 months of the program.

Thus the point estimates can be interpreted as the comparison of a school with no teacher

to one with a full 18-months’ exposure to treatment. Columns 4 to 6 in the bottom panel

of table 4 report the results from the näıve OLS estimates comparing the effect of NGO and

government treatment on test scores. The point estimates on T are statistically significant

for both the lagged dependent variable and fixed effects models, with point estimates of

0.22 and 0.24, respectively. As in the ITT regressions, however, the coefficients on the

interaction of treatment and government implementation (T×Gov) ar statistically significant

and almost perfectly negate the overall treatment effect, implying zero effect in schools where

the program was administered by the government.

Because of the obvious potential bias affecting OLS estimates of β3, we use the random

assignment, Z, to instrument actual treatment, T . Thus we estimate

Yijt = α4 + β4T̂jt + γ4Xijt + ε4ijt (4)

where T̂jt are the predicted values from the first-stage regression

Tjt = α5 + δ5Zjt + γ5Xijt + ε5ijt. (5)

Results from estimating equation (4) are presented in Columns 7-9 of Table 4, with the

results of interest found in the bottom panel. Instrumentation has a small and statistically

insignificant effect on the treatment coefficients in Columns 7-9 vis-a-vis the OLS estimates

in Columns 4-6. The overall ATT effect ranges from 0.22 in the cross-section to 0.26 in the

lagged dependent variable model. Once again, in both the lagged dependent variable and

fixed effects models, the interaction of treatment and government implementation has a sig-

nificant negative effect, with the point estimate implying zero ATT effect in the government
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treatment arm.

4.4 Why did the government treatment arm fail?

The government’s ambitious plan to employ 18,000 contract teachers nationwide posed a sig-

nificant threat to the Kenyan National Union of Teachers. As Acemoglu, Johnson, Querub́ın

and Robinson (2008) note, large-scale policy interventions of this sort are likely to provoke

political economy reactions from groups whose rents are threatened by reform, creating an

endogenous policy response that counteracts the objectives of reform, which they refer to as

a “seesaw effect”. In this case, the teachers’ union waged an intense political and legal bat-

tle against the contract teacher program, including a lawsuit which delayed implementation

by over a year, street protests in central Nairobi, and the threat of a national strike. The

political battle eventually altered the program in two key respects.

First, primary responsibility for employing contract teachers (both during the pilot and

the full scale-up) was shifted away from its natural home within the government – the Teacher

Service Commission, which manages recruitment and payroll for all civil service teachers –

into other offices of the Ministry after the Teacher Service Commission refused to employ

contract teachers. While implementation via the Teacher Service Commission posed its own

challenges, the need to set up parallel systems elsewhere in the Ministry contributed to salary

delays and other implementation challenges.

Second, by June 2011 the Ministry acquiesced to union demands to absorb the contract

teachers into civil service employment at the end of their contracts. This result reflects a

form of general equilibrium effect from scaling up: while a small number of contract teachers

can be employed at wages far below civil service levels, a large cohort of contract teachers

becomes politically potent and able to demand civil service protections. In conversations

with the research team, senior officers in the Ministry of Education not only acknowledged

this dynamic, but endorsed it as a way for the Ministry to win support from the State House
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and Ministry of Finance for more civil service teachers.

In the following paragraphs we explore the implications of these two “seesaw effects” –

resulting in salary delays and changing career incentives – and highlight other, additional

mechanisms that might explain what went wrong in the government implementation arm.

Experimental variation in the program’s implementation – e.g., the addition of school man-

agement committee training to improve local accountability, or reliance on local hiring –

enables us to examine where and when the NGO-government gap was most severe, pro-

viding clues as to the underlying mechanisms at work. Nevertheless, we caution that the

experiment does not provide a definitive test of these mechanism hypotheses, statistical

power is weak for the analysis of cross-cuts within the government and NGO treatment arms

separately, and thus the discussion here is somewhat speculative.

4.4.1 Salary delays and teacher turnover

As seen in Table 6, the parallel payroll system setup within the Ministry of Education for the

contract teacher program - following the political compromise in which the Teacher Service

Commission would not directly employ contract teachers - was associated with significant

salary delays and, in turn, teacher turnover. The fourth and fifth rows of Table 6 summarize

these delays in paying salaries. The average salary delay was 1 month in schools in the

NGO implementation arm and more than twice as high – 2.33 months on average – in

schools in the government implementation arm. In addition, there was large variation in the

disbursement of salaries for schools where the intervention was administered by the Ministry

of Education. The average maximum delay for that treatment arm was 5.56 months and 10%

of teachers had to wait for their salaries for 10 months at some point. Teacher turnover in

government-administered schools was also significantly higher, possibly as a result of salary

delays.13

13We have no information about salary delays in the case of World Vision at this time.
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4.4.2 Career incentives and teachers’ expectations

The Ministry’s concession - during the midst of this evaluation - to employ contract teachers

as permanent civil servants at the end of their two-year term may have also dulled the

incentive advantages of the contract teacher model in the government treatment arm.

We hypothesize that this erosion of contract teacher accountability was strongest in the

sub-set of schools implemented by the Ministry of Education with central as opposed to local

hiring. Contract teachers hired locally were not necessarily aware whether implementation

was done by the NGO or the government, and had less reason to associate news reports from

Nairobi about the fate of ‘contract teachers’ with their own career prospects.

An alternative hypothesis is that the prospect of permanent employment may have height-

ened long-run career incentives for contract teachers - particularly those employed directly

by the District Education Officer in the government treatment arm.

Columns (4)-(6) in Table 5 show the marginal effect of local hiring in each treatment.

The difference between local and central hiring is insignificant in all specifications in Table

5. However, the point estimates suggest the prospect of long-term civil service employment

may have raised rather than dampened performance incentives. Pupil scores in central

hiring schools are higher, particularly in the case of the government treatment arm. Results

are consistent with the hypothesis that frequent interaction with the Ministry’s District

Education Officers or NGO officials increased incentives for good performance by raising

expectations about future career prospects, though admittedly these results are suggestive

at best given the lack of statistical significance.

4.4.3 Monitoring and accountability

Even abstracting from the political drama surrounding the contract teacher program, there

is strong reason to suspect that the Ministry’s routine monitoring system of teachers op-

erated by the Quality Assurance and Standards Directorate is quite weak. Our baseline
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survey shows roughly 25% absenteeism among civil service teachers, while the Kenyan Anti-

Corruption Commission estimates that there are 32,000 ghost teachers on the government’s

payroll, representing 14% of all teachers (Siringi 2007).

In order to compensate for short-comings in top-down accountability, the school man-

agement committee training was designed to strengthen local accountability and monitoring

among parents and community members. We hypothesize that this should moderate the

positive effect of NGO implementation and narrow the gap between the government and

NGO implementation arms. Columns (1)-(3) report in Table 5 report the effect of school

management committee training on pupil test scores. While none of the coefficients are sig-

nificant, the point estimates are in line with this hypothesis. In both the lagged-dependent

variable and fixed effects specifications, the coefficient on school management committee

training has a positive sign only in the government treatment arm.

4.4.4 Recruitment and teacher quality

The protocol for recruitment was the same for the government and the NGO. For the cen-

tral treatment arm, recruitment was to be from the Teacher Service Commission short-list

of applicants for civil service position, hiring from the pool of marginal rejects. In the lo-

cal treatment arm, schools were at liberty to hire any candidate with minimum teaching

qualifications and were not required to draw from the civil service short-list.

While the protocols were identical in theory, in practice, the NGO may have put more

effort into recruiting high quality candidates. It is possible to test this hypothesis by com-

paring the observable characteristics of contract teachers hired in each treatment arm.14

14This section is preliminary and incomplete. Further data on characteristics of teachers in the two
treatment arms is pending.

23



5 Heterogeneous effects

In addition to the institutional considerations raised above, a more traditional concern about

the generalizability of RCT results is external validity. The broad geographic dispersion of

our sample is helpful in addressing this concern.

The estimates in Table 4 provide an unbiased estimate of the intention-to-treat effect

for schools within the sampling frame – i.e., schools with high pupil-teacher ratios in the 14

study districts. In general, if the treatment effect varies with school or pupil characteristics,

and the sampling frame differs from the population of interest for policymaking, results from

any evaluation (experimental or otherwise) will not be broadly applicable. Estimation of

heterogeneous treatment effects, combined with knowledge of the distribution of exogenous

characteristics in the sample and population, may provide a bridge from internal to external

validity.

Two issues to be addressed in estimating heterogeneous effects are (i) selecting the di-

mensions of heterogeneity, and (ii) hypothesis testing with multiple comparisons (Green and

Kern 2010). On the former question, the literature on medical trials commonly takes a

data-driven approach based on boosting algorithms (Friedman, Hastie and Tibshirani 2000).

Boosting is particularly well-suited to the design of optimal treatment regimens for a par-

ticular sub-group. An alternative approach to studying heterogeneity, more common in the

social sciences and which we use here, is hypothesis driven. Specific interaction terms, Xjt,

are proposed based on ex ante hypotheses and tested in an extension of equation (1) including

school fixed effects.

Yijt = α6 + β6Zjt + βx
6

(
Zjt ×

Xjt − µx

σx

)
+ γ6Xijt + ε6ijt (6)

We explore three hypotheses. The first is that the intervention’s effect will be stronger

where the supply of teachers is higher, reducing the risk of unfilled vacancies and potentially
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increasing contract teachers’ motivation to maintain employment. As a rough proxy for the

supply of teachers in a given area, we use the count of other primary schools within a 5-mile

radius of the school.

Our second hypothesis about heterogeneity is that the addition of a contract teacher will

have a larger effect in schools with a higher initial pupil-teacher ratio, as these schools will

experience a larger reduction in class size due to treatment. Finally, our third hypothesis is

that the treatment will be more effective in schools with lower initial test scores. This hy-

pothesis is more speculative, but is motivated by the attention paid to tracking and remedial

education in the contract teacher literature (Banerjee et al. 2007, Duflo et al. 2009).

Table 7 shows the results from estimating the heterogeneous ITT effects in equation (6).

Because the variables measuring exogenous heterogeneity have been standardized, all coef-

ficients can be interpreted as the change in the treatment effect implied by a one standard-

deviation change in the independent variable. For instance, column 1 shows that the ITT

is roughly 4 percentage points smaller in locations with a higher density of schools, con-

tradicting our hypothesis – though this effect is entirely insignificant. Column 2 shows no

consistent relationship between initial pupil-teacher ratios and the treatment effect. Turning

to our third hypothesis, we explore two measures of schools’ initial level of academic achieve-

ment: scores on an independent national standardized test administered to grade 8 pupils in

2005, and scores on the baseline test used in the primary analysis here. Column 3 shows no

relationship between scores on the national test and treatment effects. Column 4, however,

shows a significantly negative relationship between initial test scores in the baseline and

subsequent treatment effects. While the average ITT for schools with NGO-implementation

was roughly 1/5th of a standard deviation, column 4 implies this effect was only half as large

in schools one standard deviation above the mean.

So far we have ignored the issues raised by conducting multiple comparisons. Testing m

null hypotheses at a significance level of α, Boole’s inequality predicts that at least one null
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will be rejected with probability less than or equal to mα. The Bonferroni correction limits

this probability, known as the family-wise error rate (FWER), by testing each individual

hypothesis against the corrected critical value α′ = α/m. As Fink, McConnell and Vollmer

(2011) show, the Bonferroni correction is quite conservative, in the sense of controlling Type

I errors at the expense of more Type II errors (less power) vis-a-vis available alternatives.

Benjamini and Hochberg (1995) and subsequent authors have proposed alternatives which

minimize the false-discovery rate (FDR) rather than the FWER, defined as the proportion

of the rejected null hypothesis which are erroneously rejected, leading to greater power.15

We apply Benjamini and Hochberg’s (1995) method to the estimates in Table 7. The

correction does not affect the coefficients or standard errors, but rather the critical value

(p-value) used to establish statistical significance. As shown in Figure 6, this amounts to

literally ‘raising the bar’ for statistical significance. In our particular example, the results

are fairly unremarkable: only one interaction term in Table 7 was statistically significant

at the 5% level when considered in isolation – the interaction of the Ministry of Education

treatment arm with baseline test scores. This effect remains significant at the equivalent of

the 5% level (now 0.625%) using corrected p-values.

6 Conclusion

As Reinikka and Svensson (2005) argue,

“When scaling-up a specific program found to work in a controlled experiment

run by a specific organization (often an NGO with substantial assistance from the

research team), it is crucial also to have an understanding of the whole delivery

chain. [. . . ] Lack of attention to the service delivery system, and adjustment of

15For an intuitive exposition of the advantages of FDR versus FWER corrections see Fink et al. (2011).
For a comprehensive classification of the corrections proposed to date, see Newson (2003).
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policy accordingly, may imply effects very different from what a simple extrapo-

lation of the estimates of the controlled experiment produces.”

In this paper, we show that these concerns are of quantitative importance. We report

on a randomized trial replicating earlier results showing that contract teachers significantly

raise pupil test scores when implemented by an international NGO. These effects disappear

entirely when the program is implemented with the bureaucratic structures of the Kenyan

government.

In the terminology of Shadish, Campbell and Cook’s (2002) classic text on generalizing

experimental results, this is a question of ‘construct validity’ rather than external validity per

se, i.e., of identifying the higher order construct represented by the experimental treatment.

In most of the experimental evaluation literature in development economics, the treatment

construct is defined to include only the school- or clinic-level intervention, abstracting from

the institutional context of these interventions. Our findings suggest that the treatment in

this case was not a “contract teacher”, but rather a multi-layered organizational structure

including monitoring systems, payroll departments, long-run career incentives and political

pressures.

This lesson is relevant to debates on the generalizability of RCT results beyond develop-

ment economics. While the education literature has focused on measuring and controlling

for the “fidelity” of implementation to explain replication failures (Borman, Hewes, Over-

man and Brown 2003), our results point to the underlying institutional obstacles to fidelity

that must be considered in any attempt to translate experimental findings into government

policy. In the literature on clinical trials in health, a distinction is frequently made between

efficacy studies conducted in a more controlled setting, and effectiveness studies that more

closely mimic “real world” conditions. Both treatment arms in the present study would

arguably fulfill the standard criteria for an effectiveness study – i.e., representative sam-

pling, use of intention-to-treat analysis, clinically relevant treatment modalities (Gartlehner,
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Hansen, Nissman, Lohr and Carey 2006) – yet results suggest that NGO involvement in the

overall program management constitutes a significant departure from a scale-able model of

government implementation.

Our concern with institutional context is particularly salient as economists adapt the

methods of randomized trials – commonly used to evaluate technical innovations like new

drugs or teaching methods – to examine tweaks to the incentives, contract types, and ac-

countability structures under which the curriculum or medication is administered. These

reforms are often politically contentious and, to operate at scale, must be implemented by

public sector bureaucracies in weakly governed states. The fate of Kenya’s contract teacher

program is a reminder that in many cases, institution are not broken by accident. The

discussion in Section 4.4 suggested that many of the obstacles to smooth implementation

of the program by the Ministry of Education were not of a function of ‘low capacity’ or

inherent bureaucratic inefficiency, but a result of the endogenous political economy response

to a program that threatened vested interests.

In conclusion, we do not believe that our results justify abandoning government imple-

mentation to focus resources on NGOs, or in any way undermine the role of RCTs in policy

research. Rather, we see this is a multi-stage process. Randomized trials with flexible NGO

partners can identify organizational and institutional reforms at the school or clinic level as

candidates for scale-up. The missing stage, which we have attempted to demonstrate in this

paper, involves further experimentation with developing-country governments to identify -

and in future, hopefully overcome - implementation constraints higher up the institutional

hierarchy.
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7 Appendix: Figures and Tables

Table 1: Results of optimal multivariate matching algorithm
Control Treatment Difference

Enrolment 43.33 53.26 9.935
(7.418)

No. of classrooms 11.76 12.48 .715
(1.046)

No. of civil service teachers 10.02 10.21 .195
(1.002)

No. of contract teachers 1.90 2.27 .369
(.347)

Average pay for contract teacher 2843 3393 550.103
(531.535)

KCPE 239.48 235.083 -4.396
(6.783)

Grade 1 English .028 .074 .046
(.166)

Grade 1 Maths .060 .063 .003
(.156)

Regressions based on 192 schools, collapsed at school level
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Table 2: Differences in test scores in treatment and control schools prior to the intervention
(1) (2) (3)

Z .087 .039 .070
(.083) (.095) (.094)

Z × Gov .099
(.098)

Z × SMC .034
(.099)

Obs. 6,264 6,264 6,264
Regressions based on 174 schools. Standard errors are clustered at the school level.

Table 3: Labor supply of contract teachers
Linear Probability Model Logit Model

(1) (2) (3) (4)
High salary .116 .087 .115 .089

(.064)∗ (.068) (.064)∗ (.068)

NGO implementation .123 .166 .124 .170
(.065)∗ (.064)∗∗∗ (.066)∗ (.067)∗∗

Local recruitment .143 .162 .144 .157
(.065)∗∗ (.063)∗∗ (.066)∗∗ (.067)∗∗

Geographic density -.004 -.003
(.002)∗∗ (.002)∗

Lagged KCPE score .001 .002
(.001) (.001)

Pupil-teacher ratio .003 .004
(.002) (.003)

Obs. 2,044 1,977 2,044 1,977
The unit of observation is the school, with monthly observations from June 2010 to October 2011. The

dependent variable is a binary indicator of whether a teacher was present and teaching in a given school

in a given month. Columns 1 and 3 restrict the determinants of teacher presence to factors controlled by

the experiment, while columns 2 and 4 include other exogenous and/or predetermined school characteristics.

For the logit model, the table reports marginal effects and their standard errors. All standard errors are

clustered at the school level.
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Table 6: Compliance with the intervention protocol
Control Government NGO

Schools that (ever) employed a teacher 0 56 55

Months of teacher 0 11.59 13

Months of teacher (conditional on employing
a teacher)

0 13.25 15.13

Avg. months salary delay 0 2.33 NA

Avg. maximum months of salary delay 0 5.56 NA

Turnover (conditional on ever employing a
teacher)

0 0.71 0.43

No of. obs 64 64 64
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Table 7: Heterogeneous treatment effects
(1) (2) (3) (4)

Z× Gov .045 -.017 -.017 .011
(.089) (.089) (.089) (.085)

Z× NGO .223 .193 .181 .173
(.086)∗∗∗ (.084)∗∗ (.084)∗∗ (.084)∗∗

Z× Gov × Density -.039
(.068)

Z× NGO × Density -.043
(.057)

Z× Gov × PTR -.046
(.054)

Z× NGO × PTR .088
(.056)

Z× Gov × KCPE -.033
(.057)

Z× NGO × KCPE .046
(.054)

Z× Gov × Y1 -.185
(.060)∗∗∗

Z× NGO × Y1 -.101
(.055)∗

Obs. 14,475 14,975 14,975 14,418
See notes for table 4. All equations include school fixed effects and standard errors are clustered at the

school level.
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Figure 1: Ministry organization chart and resource flows to public schools.
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Figure 2: Treatment & control sites across Kenya’s 8 provinces. (MOE and WV denote
implementation by the Ministry of Education and World Vision, respectively.)
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Figure 3: Treatment variations
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Figure 6: Heterogeneous treatment effects with p-values corrected for multiple comparisons.
Each point represents a coefficient reported in Table 7. Points above the lower horizontal line
are statistically significant when considered in isolation; points above the upper horizontal
line remain significant with correct p-values.
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