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 A B S T R A C T

While participatory teaching methods have been shown to be more successful than traditional rote learning in 
high-income countries, it is less clear if they can help address the learning crisis in low- and middle-income 
countries, where classes tend to be large and teachers have fewer resources at their disposal. Based on a field 
experiment with 440 teachers from 220 schools in Tanzania, we use official standardized student examinations 
to assess the impact of a pedagogy-centered intervention. A five-day in-service teacher training on participatory 
and practice-based methods improved students’ test scores 18 months later by 0.13𝜎. The additional provision 
of laptops with a learning software allowing a random subset of teachers to refresh their content knowledge 
did not yield further learning gains for students. We also find limited evidence of spillover effects on indirectly 
exposed teachers and their students, even though knowledge-sharing activities were a key component of the 
program. Complementary findings from participant surveys and interviews suggest that the program was highly 
appreciated by different stakeholders, but that participants were unable to assess its impact along different 
dimensions, giving equally positive evaluations of its successful and its unsuccessful elements.
1. Introduction

Only 4 percent of students in low-income countries, compared to 
95 percent in high-income countries, attain minimum literacy skills 
towards the end of primary school (World Bank, 2018). To narrow 
the global learning gap, it is critical to reconsider the strategies that 
teachers in developing countries use in the classroom. While schools 
in high-income countries have increasingly adopted participatory ped-
agogical approaches with high levels of student engagement, more 
teacher-centered approaches such as lecturing and rote learning are still 
the norm in many low- and middle-income countries. Modern pedagogy 
takes a clear stance and sees student engagement as a vital component 
of effective teaching, a view that is corroborated by extensive evidence 
from high-income countries (e.g., Cornelius-White, 2007; Seidel and 
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Shavelson, 2007; Harbour et al., 2015). However, it is not clear whether 
this insight can be transferred to low- and middle-income countries, 
where teachers often have to manage very large classrooms and have 
few teaching aids at their disposal. Under such constraints, switching to 
more demanding teaching strategies could even prove detrimental (e.g., 
Berlinski and Busso, 2017). Moreover, in light of recent evidence 
of inadequate subject matter mastery among many teachers in low- 
and middle-income countries (e.g., Bold et al., 2017a; Brunetti et al., 
2023), it remains an open question whether teacher content knowledge 
represents a binding constraint for the effectiveness of pedagogical 
interventions.

To address these questions, we conducted a randomized controlled 
trial (RCT) with 440 math teachers and more than 25,000 students 
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from 220 schools in Tanzania. With an average of 51 students per 
teacher and a persistent shortage of classrooms and teaching mate-
rials, Tanzania faces resource constraints that are typical for many 
education systems in low-income countries (UNESCO, United Nations 
Educational, Scientific and Cultural Organization, 2020). The inter-
vention we study consisted of a five-day in-service program where 
teachers learned how to engage their students more actively in classes, 
bring their teaching closer to everyday life, craft teaching aids from 
readily available local materials, and collaborate in teams to handle 
large classrooms and share teaching strategies. After the initial five-
day workshop, all teachers were invited to three biannual refresher 
meetings to review concepts and discuss implementation issues. The 
intervention targeted grade 6 to 7 teachers and leveraged a cascading 
model where participants were instructed to share their knowledge 
with their colleagues through dedicated activities. Half of the teachers 
in the treatment group were randomly selected to further receive a 
laptop with a computer-assisted learning (CAL) software enabling them 
to refresh their content knowledge. The learning software consisted 
of short math videos and quizzes from Khan Academy, and teachers 
attended additional sessions to familiarize themselves with the program 
and discuss their progress. Both treatment versions were delivered 
by Helvetas, one of Switzerland’s largest development organizations, 
which has been operating in Tanzania for over 50 years.

To estimate the impact of the program on student learning, we 
scraped student-level data from standardized assessments published by 
the National Examinations Council of Tanzania (NECTA). These nation-
wide assessments are administered annually to all students in grade 
4 (Standard Four National Assessment, SFNA) and grade 7 (Primary 
School Leaving Examinations, PSLE). Our study design enables us to 
analyze the direct effect on students taught by treated 6th- and 7th-
grade teachers using PSLE data, as well as spillover effects on students 
taught by indirectly exposed peer teachers using SFNA data. Since 
participating teachers also instruct subjects other than math, we can 
further estimate spillovers to these other subjects. We also use data 
from our own math assessment with teachers to study intermediate 
effects on participating teachers and their peers. To better understand 
the mechanisms behind potential effects, we complemented the ex-
perimental data with classroom observations, surveys, and in-depth 
interviews.

We report four sets of findings. First, the training in participatory 
pedagogy successfully improved students’ test scores by 0.13𝜎 (p =
0.045) 1.5 years later, and the share of students with top grades 
increased by 5 percentage points from 12 to 17 percent (p = 0.035). 
The point estimate for pass rates is also positive, but not statistically 
significant (p = 0.19). This is also consistent with our complementary 
non-experimental data showing that teachers applied a wide range of 
the participatory pedagogical strategies and expressed great enthusiasm 
for the program. The reported effects place the program in the top 
30% of impact estimates for math interventions reviewed in Evans and 
Yuan (2022), and are particularly remarkable given that we used data 
from official national tests that were not specifically tailored to the 
intervention.1 To further contextualize these results, we compare them 
with two other recent large-scale experiments in Tanzania analyzing 
the same government assessments: Mbiti et al. (2019), who study 
school inputs and teacher incentives, and Mbiti et al. (2023), who test 
teacher performance pay schemes. Both studies find substantial effects 
on researcher-administered tests but null results on the nationally 
standardized PSLE assessments. Our pedagogical intervention, by con-
trast, demonstrates measurable impacts on this nationally standardized 
examination.

1 Using external assessments addresses two major validity concerns inherent 
in typical educational experiments. First, it prevents researchers from tailoring 
assessments too closely to the intervention, thus preserving external validity. 
Second, it avoids differential test-taking effort in response to the treatment, 
thereby safeguarding internal validity.
2 
Second, students who were taught by teachers equipped with lap-
tops and CAL software to refresh their content knowledge did not 
outperform students whose teachers only participated in the pedagog-
ical training program. The point estimate for the difference between 
teacher training with and without CAL software is small and not 
statistically significant. While the teachers who received a laptop with 
CAL software improved their understanding of concepts related to the 
subdomain of number sense and arithmetic by 0.18𝜎 (p = 0.077), the 
effect on an overall math proficiency score is statistically insignificant 
(p = 0.135). The average teacher scored 78 percent correct answers at 
baseline, suggesting that many teachers were already sufficiently profi-
cient in their subject before the intervention.2 A heterogeneity analysis 
shows that the CAL-based refresher was significantly more effective 
for teachers with low content knowledge at baseline, strengthening the 
hypothesis that the good proficiency at baseline mitigated the impact 
of providing access to the CAL software.

Third, we find limited evidence for spillovers on indirectly exposed 
teachers and students in treatment schools, even though the program 
was specifically designed to produce such externalities. While trained 
teachers and their peers reported engaging in cascading activities such 
as model lessons and peer learning groups, and peer teachers improved 
their math skills by 0.18𝜎 (p = 0.05), the estimated effect on their 
students is small and insignificant (0.05𝜎, p = 0.32). However, we do 
find some indication of spillovers to other subjects, with effects on the 
average student score across non-math subjects of up to 0.09𝜎 (p =
0.11) and an increase in students scoring A or B of 5 percentage points 
(p = 0.04). This can be taken to suggest that teachers were able to 
transfer the pedagogical strategies they were instructed to use in their 
math classes to other subjects.

Fourth, we compare participants’ beliefs about program impacts 
with the actual causal estimates from the RCT. This comparison sug-
gests that participants’ survey and interview responses are not in-
formative about what aspects of the program did or did not work, 
as respondents gave equally positive evaluations for all of them. For 
example, while 74 percent of the trained teachers strongly agree with 
the statement that the program improved their pupils’ math skills, so 
do 78 percent of their indirectly exposed colleagues, even though we 
do not find compelling evidence of such spillovers in our experimental 
data.

Our study ties into the literature on how teachers contribute to and 
may mitigate the global learning crisis (Kremer et al., 2013; Glewwe 
and Muralidharan, 2016; World Bank, 2018). While the role of teacher 
incentives and pay has been extensively studied (e.g., Muralidharan 
and Sundararaman, 2011; Duflo et al., 2012; De Ree et al., 2018; 
Mbiti et al., 2023), teacher performance depends not only on economic 
incentives but also on the range of instructional strategies available to 
teachers (e.g., Evans and Mendez Acosta, 2021; de Barros et al., 2021; 
Nourani et al., 2023). Accordingly, many countries invest heavily in 
teacher professional development. In the United States, teachers spend 
19 days in training every year at an estimated cost of 18,000 USD per 
person (Jacob and McGovern, 2015). Similarly, in a large-scale survey 
across more than 40 countries, 95 percent of teachers reported partic-
ipating in professional development activities in the past year (OECD, 
Organisation for Economic Co-operation and Development, 2019). Yet, 
despite the vast practical importance of such programs, research on 

2 International data from almost identical assessments provide further con-
text: 224 primary school teachers in El Salvador scored on average 47 percent 
correct answers, while the median Swiss teacher in a convenience sample of 
16 participants answered 90 percent of the questions correctly (Brunetti et al., 
2020). This comparison indicates that math competency among Tanzanian 
teachers in our sample is closer to that of Swiss rather than Salvadorian 
teachers.
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their effectiveness has not kept pace.3 In a recent review of teacher 
professional development (PD) interventions, Popova et al. (2022) 
conclude that ‘‘few PD programs are evaluated’’ and among those 
that are, ‘‘there is much more variation in effectiveness across teacher 
training programs than across education programs more broadly’’. The 
World Development Report 2018 echoes this view, noting that ‘‘a lot of 
teacher professional development goes unevaluated’’ and ‘‘most teacher 
training is ineffective, but some approaches work’’ (World Bank, 2018, 
p. 131). Particularly successful examples include training programs on 
scripted lessons (Piper et al., 2018; Gray-Lobe et al., 2022), teaching 
at the right level methodology (Banerjee et al., 2017), and targeted 
feedback from coaches (Cilliers et al., 2020, 2022a; Marinelli et al., 
2023). Our study adds to this literature by showing that a five-day 
training in participatory pedagogy can induce teachers to restructure 
their classes and achieve higher learning gains for their students—even 
when classes are large and few teaching aids are readily available.

Beyond the direct effects on student learning in mathematics, we 
also report evidence of gains extending to other subjects taught by 
the same teachers. These cross-subject patterns contrast with findings 
for related pedagogical interventions: Structured pedagogy programs, 
which predominantly focus on subject-specific materials and content, 
tend to be highly effective in the targeted domain Evans and Popova 
(2016), but often fail to improve learning in other domains (e.g., Cilliers 
et al., 2022b; Buhl-Wiggers et al., 2023). By comparison, trainings 
that target broadly applicable pedagogical methods, such as the one 
evaluated in this study, usually generate smaller effects (Popova et al., 
2022; Ganimian and Murnane, 2016), but appear to be more likely 
to produce improvements across multiple subjects (e.g., Cilliers and 
Habyarimana, 2023; Wolf et al., 2019). This suggests that the generaliz-
ability of teacher training depends on whether interventions emphasize 
transferable pedagogical strategies or subject-specific content, and im-
plies that the full cost-effectiveness of general-pedagogy interventions 
may be underestimated. Our observed direct effects and cross-subject 
spillovers are achieved within a large-scale program targeting regular 
government teachers in public schools, conducted in collaboration 
with government officials—a setup where previous training programs 
often show null results (Loyalka et al., 2019; GEEAP, Global Educa-
tion Evidence Advisory Panel, 2020). Promoting more engaging and 
transferable teaching strategies in low- and middle-income countries 
may thus be an essential element in the global quest for ‘‘inclusive and 
equitable quality education’’ (UN, United Nations, 2015).

Our paper also adds to a growing strand of literature studying 
the role of teacher content knowledge in the educational production 
function (e.g., Metzler and Woessmann, 2012; Bietenbeck et al., 2018; 
Brunetti et al., 2023). Our findings suggest that the majority of teachers 
in our sample demonstrate considerable subject mastery, and that 
providing a laptop with CAL software alongside the pedagogy training 
did not add measurable value for student learning. Even for the least 
proficient teachers, effects on content knowledge were too small to 
translate into meaningful improvements in student learning. Available 
estimates for content knowledge gains for CAL-based teacher training 
range from 0.13𝜎 (p = 0.16) in Tanzania to 0.29𝜎 (p < 0.01) in El 
Salvador (Brunetti et al., 2023), broadly aligning with reported effect 
sizes for CAL programs targeting students (Escueta et al., 2020). Given 
that a 1𝜎 increase in teacher content knowledge yields only 0.09𝜎 in 
annual student learning (Bau and Das, 2020; Metzler and Woessmann, 
2012), substantially larger effects at the teacher level would be needed 
to meaningfully impact student outcomes.

3 To assess how much attention pre- and in-service training of teachers has 
received in experimental research, we analyzed all AEA RCT registries pub-
lished between 2013 and October 2024. Of the 1870 education-related trials 
registered in the AEA RCT registry, only 409 (22%) include the term ‘‘teacher’’, 
and 62 (3%) mention terms related to ‘‘teacher training’’ or ‘‘professional 
development’’ in the abstract (see Figure A.1 in the Online Appendix).
3 
We also contribute to the literature on treatment externalities. 
The canonical example of treatment externalities in education was 
documented by Miguel and Kremer (2004), where treating students 
with deworming pills produced large spillover effects on non-targeted 
children in nearby schools. Such externalities can drastically boost 
cost-effectiveness, motivating cascading models, where trained teachers 
transmit knowledge to untrained colleagues. Despite some concerns 
about quality dilution (e.g., Kerwin and Thornton, 2021; Romero et al., 
2022), teacher professional development programs often employ cas-
cade models for scaling (Orr et al., 2013; Popova et al., 2022).4 A 
related technique prominently discussed in educational science in-
volves teacher communities of learning (or practice): small groups who 
meet regularly to observe instruction, analyze teaching, and refine 
practice. Non-experimental research documents favorable results of 
such professional learning communities on teacher mindsets, teacher 
practice, and student achievement (e.g., Vescio et al., 2008; Christensen 
and Jerrim, 2025), but two recent experimental evaluations in Aus-
tralia yield mixed evidence regarding student achievement (see Gore 
et al., 2021; Vaughan et al., 2023). Our results suggest that achiev-
ing measurable externalities via peer-to-peer cascading is challenging, 
likely because teachers need considerable high-quality exposure to new 
teaching strategies to effectively restructure their classes. Our cost-
effectiveness calculations show that even small spillovers—below the 
detection threshold of typical education RCTs—would dramatically 
increase the effectiveness of the program, underscoring the importance 
of further research on peer-to-peer transmission mechanisms.

Finally, this paper contributes to the policy debate on the best 
methods to evaluate programs (Banerjee and Duflo, 2009). Despite 
the emphasis on causal inference methods within academia, rigorous 
impact evaluations are not always feasible, and methods like inter-
views and feedback surveys with project beneficiaries are often the 
norm in practice.5 While these approaches provide valuable insights 
and complement experimental data, our findings underscore that they 
may be ill-equipped to assess program impact and distinguish between 
successful and less successful elements.

2. Context and intervention

Our study is set in Tanzania, a lower-middle-income country in East 
Africa. Tanzania’s education system faces several challenges that are 
typical of developing countries. The massive expansion of schooling 
since the late 1990s has put considerable strain on schools throughout 
the country, resulting in shortages of teachers, classrooms, and teaching 
materials. As a result, the pupil–teacher ratio in primary schools ex-
ceeds 50 students per teacher (UNESCO, United Nations Educational, 

4 Cascade models have been the traditional approach to teacher develop-
ment in various countries, including Kenya (see Bett, 2016), South Africa (see 
Dichaba and Mokhele, 2012), or India (see Barrett, 2010), and international 
organizations provide toolkits on how to implement them (e.g., British Council, 
2018). In a recent review on teacher professional development, Popova et al. 
(2022) identify cascading elements in 50 percent of the reviewed teacher 
training programs, and their binary indicator for a cascade-based designs was 
uncorrelated with metrics of program effectiveness.

5 For example, USAID conducted impact evaluations for 11 percent of its 
projects between 2016 and 2022, with the highest share of impact evaluations 
(23%) in the education and social services sector (USAID, United States Agency 
for International Development, 2024). The share of impact evaluations is 
markedly lower at the Swiss Agency for Development and Cooperation, whose 
Evaluation and Corporate Controlling Unit classifies 5 percent of its evaluation 
reports between 2014 and 2024 as impact evaluations (SDC, Swiss Agency 
for Development and Cooperation, 2024). In a recent review of evaluation 
practices in Swiss development cooperation, the Parliamentary Control of 
the Administration (PCA, Parliamentary Control of the Administration, 2023) 
criticized the quality and use of evaluation reports as being inadequate for 
accountability purposes, while acknowledging that the evaluation standards 
in Switzerland are comparable to that in other countries.
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Scientific and Cultural Organization, 2020), with one recent estimate 
placing the national average as high as 73 (UNICEF, 2024). In this con-
text, the country has struggled to translate enrollment into learning. For 
example, about 60 percent of students in grade 3 are unable to read and 
understand a simple paragraph (Sumra et al., 2015). Learning outcomes 
crucially depend on what teachers do in the classroom. Yet, a recent 
study finds that only 36 percent of teachers in Tanzania possess the 
minimum pedagogical knowledge needed for effective teaching (Bold 
et al., 2017a).

The program we study in this paper is implemented by Helvetas, 
one of the largest Swiss development organizations operating in Africa, 
Asia, Latin America, and Eastern Europe. Helvetas has been active in 
Tanzania for over 50 years, with projects in a wide range of areas, 
including agriculture, youth employment, and education. Following 
several years of piloting teacher professional development approaches, 
Helvetas, in collaboration with the Tanzanian Teachers’ Union (TTU) 
and the Ministry of Education, launched the Inclusive School-Based 
In-Service Teacher Training (SITT) program in 2016. This large-scale 
program aims to transform pedagogy in Tanzanian classrooms. Prior 
to the experimental evaluation we discuss in this paper, the program 
(and its preceding pilots) had already been rolled out in 1400 schools 
throughout northeastern Tanzania.

The main objective of the SITT program is to promote a more
student-centered approach to teaching. The training program focuses 
on four simple strategies to foster active student engagement. First, 
teachers learn how to prepare, facilitate, and monitor activities such 
as group work and peer teaching, where students take turns explaining 
concepts to the class. A specific focus is on ensuring the engagement 
of all and not just high-performing students in these activities. Second, 
teachers are taught how to incorporate games and practical examples 
from everyday life to make lessons more accessible and entertaining. 
Third, the training emphasizes the use of readily available local ma-
terials like wooden sticks, stones, and berries to address the scarcity 
of teaching resources. To strengthen the active role of students in the 
learning process, teachers are encouraged to engage students in crafting 
teaching aids. Finally, the program’s rallying call ‘‘maksudi, maksudi’’, 
meaning ‘‘intentional, intentional’’ in Swahili, reminds teachers that 
every action—or lack thereof—is their deliberate choice, whether it is 
being well-prepared or engaging students effectively.

To facilitate cascading, teachers are encouraged to share their knowl-
edge with all other teachers in their school through various collabora-
tive activities. In particular, they are expected to invite their colleagues 
to model lessons showcasing the new teaching methods in action. 
Trained teachers are also asked to organize peer learning groups where 
colleagues reflect together on their experiences implementing these 
new pedagogical techniques in their classrooms.

During the experimental evaluation period, the intervention was 
supplemented with additional activities to address potential shortfalls 
in teachers’ content knowledge. Half the teachers participated in an 
extended version of the SITT program, where they received a laptop 
equipped with a computer-assisted learning software. Learning materials 
used for this treatment version include video content and short quizzes 
in Swahili produced by Khan Academy and are delivered through 
Kolibri, an offline-first learning platform developed by Learning Equal-
ity. The instructional videos are 5 to 10 min long and grouped along 
three broad themes: (i) Number Sense and Elementary Arithmetic 
(NSEA, 80 videos), (ii) Geometry and Measurement (GEOM, 80 videos), 
and (iii) Data, Statistics and Probability (DSP, 11 videos). The videos 
are shared through a user-friendly interface and accompanied by short 
quizzes. Each quiz draws on a basis of roughly 20 items that are 
presented in random order. Upon submitting an answer, users receive 
instant feedback. The software tracks performance and awards badges 
of success for quizzes with at least five correct answers. Previous studies 
have shown that computer-assisted learning with Khan Academy is 
effective in improving test scores for both students (Büchel et al., 2022) 
and teachers (Brunetti et al., 2023).
4 
The delivery of the SITT training consists of a five-day course institu-
tionally embedded in government structures, with senior officials from 
the president’s office, regional quality assurance, district education 
offices, and the Tanzania Teachers’ Union presiding over openings and 
closings. The training program relies on a hands-on approach, where 
teachers work in groups to practice the program’s student-centered 
pedagogy. During the training, each group prepares and delivers a 
math lesson, with other participants acting as students and providing 
feedback. Teachers further receive a comprehensive manual explaining 
the new teaching strategies with example activities. On the final day, 
they submit individual ‘Action Plans’ outlining how they will imple-
ment the new pedagogical strategies over the next six months. After the 
main workshop, teachers attend biannual two-day refresher meetings to 
reflect on how they applied their individual ‘Action Plans’ and they join 
a WhatsApp group to continuously share classroom experiences.

Table A.1 in the Online Appendix compares the program charac-
teristics along the classification of top-performing teacher professional 
development interventions reviewed in Popova et al. (2022). In terms 
of content and delivery, the SITT program shares several characteristics 
of top performers, such as a multi-day face-to-face training event, a 
specific subject focus, lesson enactment during the training, a signif-
icant proportion of time allocated to practicing, and follow-up visits. 
However, it differs in organizational features, as participation carries 
no immediate implications for salary or promotion.

The intervention took place in 2020 and 2021, starting with an 
initial five-day training event in February 2020 for all 130 treatment 
teachers, followed by three refresher meetings over the next 18 months. 
Although this period coincided with global workplace and school clo-
sures due to the COVID-19 pandemic, Tanzania experienced one of the 
least restrictive lockdowns worldwide. While the average country man-
dated business closures or remote work for some or all sectors on 350 
days, Tanzania did not introduce any such measures, along with only 
three other countries. Similarly, schools were fully closed for 223 days 
on average worldwide, but only for 75 days in Tanzania (Hale et al., 
2021). Accordingly, student exposure to the new teaching techniques 
was substantial despite the disruptions caused by the pandemic.

3. Research design

3.1. Sampling and randomization

To assess the impact of the in-service teacher training, we conducted 
a randomized controlled trial with a sample of 220 public primary 
schools in the Tanzanian districts of Karatu (Arusha), Siha (Kiliman-
jaro), and Mbulu DC and Mbulu TC (Manyara), where the program 
had not yet been implemented. Program regions broadly align with 
national averages across various indicators, including consumption, 
poverty, and household size, with a tendency towards somewhat better 
outcomes (Table B.1).6 The most pronounced difference is the lower 
pupil–teacher ratio in program regions (i.e., 42:1) relative to the na-
tional average (i.e., 54:1). The implementing organization adopted a 
selection protocol similar to earlier implementation phases, excluding 
the best performing and the geographically least accessible schools 
in each district. Compared to other schools in Tanzania, the selected 
schools have a slightly higher math performance in grade 4. In terms of 
our main outcome, math performance in grade 7, they are statistically 
indistinguishable from the national average (Table B.2).

The experimental design allows us to identify direct effects on par-
ticipating teachers and their pupils as well as cascading effects on 
peer teachers and their pupils. Specifically, selected schools nominated 

6 Note that there is considerable heterogeneity in program regions: Kiliman-
jaro performs above the national average on most socio-economic indicators, 
while Manyara often falls below, and Arusha is roughly aligned with national 
averages.
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Fig. 1. Timeline of the study Notes: The main intervention event is a five-day workshop for all 130 treated teachers and was conducted in February 2020. 
Afterwards, teachers implemented the new strategies and shared them with their colleagues, participated in biannual meetings, and were visited by quality 
assurance officers of the Ministry of Education. The National Standard Four Assessment (SFNA 2018, SFNA 2021) and the Primary Standard Leaving Examination
(PSLE 2021) are conducted by the Tanzanian government.
two teachers for the study: one targeted teacher for possible program 
participation and one peer teacher who was included for the estimation 
of spillovers. The selection of both targeted and peer teachers was 
done in coordination with the district education office and tied to the 
conditions that (i) both teachers should instruct math, and that (ii) the 
targeted teacher should teach math to sixth-grade students in 2020 and 
to seventh-grade pupils in 2021. Targeted teachers usually had previous 
experience teaching grades 6 and 7, with 83 percent indicating that 
they typically teach math in these grades, and they signed an agreement 
with local education authorities committing to the teaching schedule 
required for evaluation purposes. This procedure yielded a total sample 
of 440 teachers from 220 schools.

After the selection of schools and teachers, the research team ran-
domly assigned each of the 220 schools to one out of three experimental 
conditions (see Fig.  1):

• Pedagogy (65 schools, 65 targeted teachers + 65 peer teachers): 
Targeted teachers participated in the pedagogy training and were 
instructed to share their knowledge with their colleagues in their 
schools.

• Pedagogy + Content (65 schools, 65 targeted teachers + 65 peer 
teachers): Targeted teachers participated in the pedagogy training 
and were instructed to share their knowledge with their col-
leagues at their school. They also received a laptop with CAL 
software for self-study in math.

• Control (90 schools, 180 teachers): Teachers did not participate 
in any intervention activities.

We refer to all 130 schools assigned to either the Pedagogy version 
(65 schools) or Pedagogy & Content version (65 schools) of the teacher 
training as the treatment group. Randomization was conducted after the 
nomination of teachers and the baseline data collection, and was strati-
fied along three dimensions: district of school, baseline performance of 
pupils (i.e., school average in the standard 4 national examinations in 
2018), and baseline performance of targeted teachers (i.e., performance 
on the math assessment conducted in November 2019).

3.2. Data

We rely on nationally standardized tests to measure effects on 
students, and we conducted our own assessments to study intermediate 
effects on teachers. This experimental data is complemented by data 
we collected through classroom observations, surveys, and interviews 
in the treatment group.
5 
Student assessments. The National Examinations Council of Tanzania 
(NECTA) conducts two standardized national student assessments that 
can be leveraged for this study: the Primary School Leaving Examination
(PSLE), taken in grade 7, and the Standard Four National Assessment
(SFNA), taken in grade 4. These yearly assessments are administered 
to the entire student population in the respective grades and carry 
high stakes: failing SFNA can require pupils to repeat a grade, and 
passing PSLE is mandatory for admission to public secondary schools. 
Both assessments cover various subjects, but we rely on math scores 
for the main analysis. The math module in PSLE consists of 45 items 
that need to be completed in two hours, and SFNA contains 25 math 
questions students need to answer in 90 minutes (NECTA, 2018, 2020); 
student-level results for both PSLE and SFNA examinations are publicly 
published as letter grades (A through E, where A is the top grade and 
E is the lowest) on the website of the National Examinations Council 
of Tanzania.

Our main outcome measure is the PSLE math score of seventh graders 
in 2021, the cohort taught by targeted (and potentially trained) teach-
ers in 2020 and 2021. Students’ PSLE scores can be merged with their 
SFNA scores from three years earlier (i.e., 2018) to establish a student-
level baseline score. To assess spillover effects through cascading, the 
SFNA math scores of fourth-grade students in 2021 can be used, since 
these pupils were taught by peer teachers in the same school who were 
exposed to cascading activities. While these students were not neces-
sarily taught by the peer teacher selected for study participation, this 
is inconsequential for studying pupils’ learning outcomes, as cascading 
activities targeted all teachers in the school, and peer teachers did not 
have a special role in the intervention.

Since both PSLE and SFNA results are published online, we use web 
scraping to obtain the student-level data. Our final sample consists of 
10,132 seventh graders to assess the direct effects of the programs and 
15,073 fourth graders to estimate spillovers.

Our reliance on nationally standardized assessments designed and 
conducted by a governmental agency offers a key advantage over 
the typical educational field experiment, where no such independent 
data is available. A close alignment between the intervention and the 
assessments can compromise the validity of the results for two key 
reasons. First, researchers may–consciously or unconsciously–tailor the 
content of the assessments closely to the intervention, thereby limiting 
the external validity of the concepts they attempt to measure. Second, 
if participants perceive assessments as connected to the intervention, 
this may elicit differential test-taking effort between treatment and 
control groups and compromise the internal validity of the experiment. 
A prominent example comes from the pay-for-performance literature, 
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where assessments tend to be high-stakes situations for the treatment 
group, but low-stakes situations for the control group (for a discussion, 
see Mbiti et al., 2019, 2023). Similarly, socially motivated behavioral 
responses are plausible, such as increased test-taking effort in the 
treatment group due to gratitude for the intervention, or decreased 
effort in the control group due to disappointment at not being selected. 
Using data from national assessments addressed both concerns. A po-
tential drawback is that high-stakes assessments can induce strategic 
behavior, such as the exclusion of low-performing students (Cilliers 
et al., 2021; Jacob, 2005), cheating (Singh, 2024), or teaching to 
the test (Jacob, 2005). However, as the stakes involved in Tanzania’s 
national assessments are not related to the treatment status, potential 
strategic responses are unlikely to bias our experimental estimates. 
We can also exclude biases from grading, as the NECTA-appointed 
examiners who mark the assessments have no knowledge of students’ 
treatment status.
Teacher assessments. To measure teacher content knowledge in math, 
all 440 study participants were invited to two comprehensive math 
assessments conducted before and after program implementation. The 
assessments were designed to mirror the Tanzanian primary school 
curriculum between 2nd and 7th grade covering the domains of Num-
ber Sense & Elementary Arithmetic (NSEA, about 60%), Geometry & 
Measurement (GEOM, about 35%), and Data, Statistics, & Probability 
(DSP, about 5%). Assessments were administered as paper-and-pencil 
tests at regional meetings and had to be completed in 90 min.
Complementary non-experimental data. We collected three different
types of quantitative and qualitative data to gain deeper insight into 
how switching to participatory pedagogy was viewed and put in prac-
tice by treated teachers. First, all teachers completed a short survey 
about their evaluations of the program and their perceptions of how it 
had impacted them and their students. The survey consisted primar-
ily of single-choice questions that asked respondents to rate certain 
elements or indicate whether they agreed or disagreed with a given 
statement, but also included space for written feedback and sugges-
tions. Surveys were administered during the endline math assessment to 
all teachers and tailored to the different experimental groups.7 Second, 
to better understand how teachers incorporated the new methods into 
their teaching, quality assurance officers from the Ministry of Education 
conducted classroom observations of program participants’ lessons. 
Starting with the Teach tool proposed by the World Bank (2019), we 
designed a classroom observation instrument and briefed government 
officials on how to conduct observations without influencing the teach-
ers’ behavior. Overall, 112 visits to directly trained took place. Third, 
we conducted semi-structured interviews with six participants in the
Pedagogy group (about 120 min of audio recordings), six teachers in 
the Pedagogy & Content group (about 120 min), six peer teachers (about 
70 min), and twelve government or TTU officials (about 150 min).8

7 We designed four different questionnaires: (i) a questionnaire for teachers 
in the Pedagogy group with items about the training and the implementation 
of the new methods, (ii) a similar questionnaire for the Pedagogy + Content
group with additional questions about the content training with the laptops,
(iii) a questionnaire for peer teachers asking about cascading activities, and
(iv) a short questionnaire for the control group asking about the evaluation 
process. With the exception of the control group, the different survey versions 
followed the same basic structure and shared many common items, allowing 
for a comparison across different groups.

8 During these conversations, the interviewees were asked to (i) share their 
general impression of the intervention, (ii) explain their views on the main 
elements of the Pedagogy intervention, (iii) share their views on the potential 
impact of the program on teachers’ math and teaching skills as well as the 
learning outcomes of children, and (iv) give feedback on selected activities and 
program inputs. Additionally, officials were asked to (v) compare the pedagog-
ical intervention with similar educational initiatives by other organizations, 
and (vi) comment on their attitudes toward rigorous program evaluation. Table 
E.1 in the Online Appendix provides an overview of statements by topic and 
type of interviewee.
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3.3. Baseline characteristics, compliance, and attrition

Baseline characteristics are well-balanced across the three experimen-
tal groups (Table B.3). In particular, we report no significant differences 
in teachers’ (p = 0.65) or students’ (p = 0.73) standardized math scores. 
The average teacher in our sample scored 78 percent correct answers 
on the math test we administered prior to the intervention. As the 
test was designed to cover the Tanzanian primary school curriculum, 
this suggests that, on average, teachers master three-quarters of the 
materials they have to teach. About 3 out of 10 teachers in our 
sample are female, and the average teacher is 38 years old, graduated 
12 years ago, and teaches 11 math lessons per week. Table B.18 shows 
substantial differences between target teachers and their peers: Target 
teachers are more likely to be male, score better in math, have more 
teaching experience in higher and less in lower grades, and are less 
likely to have only completed secondary education, suggesting that 
particularly strong candidates were selected for this role. Panel 2 on 
school characteristics shows that the typical class size is about 40 
students.9 The number of students who took the SFNA exam, roughly 
50 per school, provides a proxy for the number of students per grade. 
Since this number is not much higher than the average class size, most 
schools can be assumed to have only one class per grade. About 92 
percent of students in our sample passed the baseline math exam (with 
A, B, C or D), and 43 percent of students scored one of the two top 
grades (A or B).

Our monitoring data suggests that compliance with the treatment 
assignment was very high. All teachers in the treatment group partic-
ipated in the five-day training course, and 94 percent of the teachers 
in the Pedagogy & Content group report using the laptops for content 
review. To be able to assess the impact of the program using students’ 
test scores in grade 7, targeted teachers had to teach math to sixth 
graders in their school in 2020 and to seventh graders in 2021. Our 
endline teacher survey data show that 85 percent of the students in 
our sample were indeed taught by targeted teachers. This share does 
not differ significantly between experimental groups, suggesting that 
schools did not react strategically by assigning more math classes or 
different grades to treated teachers.

Tables B.4 and B.5 in the Online Appendix examine patterns of
attrition for teachers and students respectively. At the teacher level, 99 
percent of the selected teachers took part in the baseline assessment, 
and attrition for the endline assessment was about 15 percent and 
evenly distributed across experimental groups (Table B.4). This yields 
a total sample size of 368 teachers. At the student level, we start with 
baseline data for 12,026 pupils from 220 schools. About 16 percent 
of these students either dropped out of school between grades 4 and 
7, repeated grades, missed the endline examination, or could not be 
matched between the two rounds of testing, with dropout likely being 
the most common cause of attrition.10 This leaves an estimation sample 
of 10,132 seventh graders from 220 schools. Both for teachers and 
students, attrition was unrelated to the experimental assignment (Table 
B.5). For students, this suggests that the program had no extensive 
margin effects on school dropout. For the estimation of spillovers, we 

9 While information on the number of pupils per classroom is difficult to 
collect, the number of pupils per stream can serve as a proxy. In Tanzania the 
concept of a ‘‘class’’ is surprisingly fuzzy, since several streams of pupils can 
be instructed in one classroom (and effectively become one class) if schools 
do not have enough classrooms or teachers to teach streams separately.
10 We used name matching within schools to link endline observations from 
PSLE 2021 to the corresponding baseline observations from SFNA 2018. As 
95 percent of the PSLE endline observations could be linked to their SFNA 
baseline (exact matches: 94%, fuzzy matches: 1%), attrition between the 
baseline and the endline assessments appears to be mainly due to school 
dropout or failure to take the PSLE examination. In addition, one expert 
teacher missed both data collection rounds. We impute the mean age, sex, 
and baseline score for this teacher in the student-level analysis.
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Table 1
Overall program effect on the math score of pupils.
 Standardized Scored A or B Passed

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

 Treatment 0.113∗ 0.128∗∗ 0.046∗∗ 0.048∗∗ 0.023 0.029  
 (0.065) (0.064) (0.023) (0.023) (0.023) (0.022)  
 Pupil baseline score 0.473∗∗∗ 0.348∗∗∗ 0.117∗∗∗ 0.105∗∗∗ 0.204∗∗∗ 0.142∗∗∗ 
 (0.017) (0.024) (0.007) (0.009) (0.008) (0.010)  
 Control mean of dep. var. 0.000 0.000 0.124 0.124 0.570 0.570  
 Observations 10 132 10132 10132 10132 10132 10132  
 Adjusted R2 0.253 0.289 0.146 0.171 0.202 0.227  
 Controls (PDS Lasso) No Yes No Yes No Yes  
 Strata fixed effects Yes Yes Yes Yes Yes Yes  
 Lower Lee bound (90% CI) −0.010 0.007 0.002 0.004 −0.019 −0.013  
 Upper Lee bound (90% CI) 0.257 0.269 0.092 0.094 0.071 0.075  
Notes: The dependent variable is pupils’ standardized math score for columns (1) and (2), a binary variable indicating whether a pupil scored A 
or B (highest grades) in math for columns (3) and (4), and a binary variable indicating whether a pupil passed the math exam for columns (5) 
and (6). Pupil baseline score is a pupil’s math score in the SFNA exam administered in grade 4. Controls are selected using Post-Double Selection 
Lasso. Huber-White robust standard errors, clustered at the school level, in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
can use a sample of 15,073 grade 4 students from 220 schools. Due to 
the unavailability of student-level baseline data, we cannot study the 
attrition for this cohort of students.

4. Results

4.1. Did promoting participatory teaching strategies improve learning?

We first estimate the intention-to-treat (ITT) effect on students of 
directly targeted teachers with the following benchmark equation 
𝑌 𝑃𝑆𝐿𝐸(2021)
𝑖𝑠𝑘 = 𝛽𝑇 𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑠 + 𝛿𝑌 𝑆𝐹𝑁𝐴(2018)

𝑖 +𝑋′
𝑖 𝛾 + 𝑉 ′

𝑠 𝜆 + 𝜙𝑘 + 𝜖𝑖𝑠𝑘, (1)

where 𝑌 𝑃𝑆𝐿𝐸(2021)
𝑖𝑠𝑘  is the standardized math PSLE score of student 𝑖

in school 𝑠 and stratum 𝑘 in 2021, and Treatment is a binary indi-
cator that takes the value 1 if a school was assigned to receiving 
the pedagogical training (i.e., either Pedagogy or Pedagogy & Content) 
and is 0 otherwise.11 All models control for students’ math grades 
from the 2018 SFNA assessment, 𝑌 𝑆𝐹𝑁𝐴(2018)

𝑖 , and strata fixed effects, 
𝜙𝑘. In our main specification, we additionally use Post-Double Selec-
tion Lasso (PDS Lasso) to select further controls (Belloni et al., 2014; 
Cilliers et al., 2024). The pool of potential controls includes 24 student-
level variables, 𝑋𝑖, such as baseline performance in other subjects, 
and 24 school-level variables, 𝑉𝑠, such as geographical remoteness or 
teacher characteristics. Following Cilliers et al. (2024), we dummy out 
missings and include 27 missingness indicators as additional potential 
controls.12 Standard errors are clustered at the school level in all 
student-level analyses.

Table  1 documents that students in treated schools significantly 
outperformed the control group by 0.11𝜎 to 0.13𝜎 (columns 1 and 
2). Pupils in program schools were also 5 percentage points more 
likely to earn a top grade (i.e., A or B) than their peers in control 
schools (columns 3 and 4) corresponding to an increase in top grades 
by 37 to 39 percent. Estimates in columns 5 and 6 further suggest 
that the program increased pass rates by 2 to 3 percentage points, 
but these effects are not statistically significant at conventional levels. 
Student learning gains are very similar when separately estimated for 

11 In this first step, we pool both treatment versions, Pedagogy and Pedagogy 
& Content, for maximum precision before separately assessing the added 
value of CAL software in Section 4.2. This sequential approach maximizes 
statistical power when experimental data are limited while transparently pre-
senting both treatment variants separately to address potential model selection 
concerns (Muralidharan et al., 2025).
12 The models for our three outcome variables—i.e., standardized test scores, 
share scoring A or B, and pass rates—yield very similar specifications, with six 
variables, namely five student baseline scores and one missing-teacher-data 
indicator, being selected.
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the Pedagogy version (see Table  2), with 0.13𝜎 to 0.14𝜎 for overall 
scores, 6 percent for top grades, and a nonsignificant 2 to 3 percent for 
pass rates. This supports the finding that the pedagogical component of 
the teacher training drives the learning impact on students.

Fig.  2 and Table B.11 provide further insights into how the treat-
ment affected the distribution of test scores. We observe shifts across 
all grades, with reductions in grades E, D, and C and increases in B 
and A. Effects are particularly pronounced for grade B, with average 
marginal effects of 4 percentage points (p = 0.029). Reductions in grade 
E (lowest possible grade) are also statistically significant, albeit small 
in magnitude due to the low baseline prevalence of this grade. Effects 
for other grades are not statistically significant individually.

Results are robust and similar across different specifications, with 
slightly increasing effect sizes when student, school, and teacher con-
trols are included (Tables B.6 and B.7). We also estimate an ordered 
logit model for our main outcomes and obtain qualitatively similar 
results to the linear specification. This is consistent with evidence show-
ing that linear regression is often robust to violations of interval-scale 
assumptions when applied to ordinal data (e.g., Norman, 2010). Table 
1 also presents Lee (2009) bounds that account for minor variations in 
attrition rates (i.e., 15.5% in treatment vs 16.1% in control). The effects 
remain significant at the 10% level in models 2, 3, and 4 and extend 
slightly beyond zero in model 1.13

To contextualize effect sizes in educational interventions, Evans and 
Yuan (2022) reviewed 199 estimates from 75 randomized controlled 
trials focusing on math competency of students. Our estimated effect of 
0.13𝜎 places the participatory teaching program in the top 30 percent 
of educational interventions in terms of learning impact in math.

While our intervention targeted math teachers, these teachers teach 
an average of five subjects, including science (85%), social studies 
(79%), citizenship (68%), Swahili (57%), and English (48%) in addition 
to math (100%). Since the pedagogical strategies conveyed through 
the training—though typically illustrated with math examples—were 
not subject-specific, it is informative to analyze spillover effects on 
other subjects. Table B.10 in the Online Appendix examines effects 

13 Table  1 shows outer confidence intervals for Lee bounds rather than the 
Lee bounds themselves. Lee bounds for the main specifications (columns 2, 
4, and 6) are [0.11, 0.14], [0.04, 0.05], and [0.03, 0.03] respectively. While 
confidence intervals span zero (column 1 in particular), the main specifications 
with controls show positive lower bounds, indicating our results are robust to 
worst-case assumptions about differential attrition. Moreover, if the differential 
attrition were systematic rather than random, it would likely bias our estimates 
downward. Student dropout is the main driver of attrition in our data and is 
concentrated among the worst-performing students. Since attrition is slightly 
lower in the treatment group, any systematic differential attrition would more 
likely understate rather than overstate our effect sizes.
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Fig. 2. Effects on the test score distribution and Average Marginal Effects on letter grades.
Notes: The left plot shows the distribution of endline math scores by treatment status. Shaded bands represent standard errors. The right plot presents average 
marginal effects from a multinomial logit model estimating the impact of the treatment on the probability of scoring in each outcome category (A to E, effects 
in percentage points). Whiskers indicate 90 percent confidence intervals. See Table B.11 for full regression results.
on students’ average score across all subjects except math. Results for 
other subjects are similar but slightly less pronounced compared to 
math, with estimated effects of 0.09𝜎 and an increase in top grades 
by up to 5 percentage points or 26 percent. This suggests that although 
the pedagogical training was tailored to math, teachers were able to 
transfer the methods to other subjects.

Our causal estimates are consistent with insights from our comple-
mentary data sources. Classroom observations point to a widespread 
use of the participatory teaching strategies advertised through the 
training program; yet the absence of classroom observations in control 
schools limits our ability to assess whether these practices indeed 
represent changes from baseline teaching methods and differ from 
practices in control schools. As Figure D.1 in the appendix shows, 
treated teachers frequently employed methods such as group work 
(87% of visits), games (28%), student presentations (28%), and di-
alogs (26%). Treatment teachers also used a variety of instructional 
materials, including everyday objects (66% of visits), textbooks (46%), 
and flashcards (20%). The survey data further shows that 96 percent 
of treated teachers rate the participatory teaching model as excel-
lent (75%) or good (21%). Similarly, 96 percent of targeted teachers 
strongly (74%) or rather agree (22%) with the statement that the inter-
vention improved their students’ math scores. The high appreciation for 
the program also surfaced in the interviews where teachers often used 
words such as ‘‘improve’’, ‘‘change’’, and ‘‘enjoy’’ when talking about the 
intervention (see Table E.1 in the Online Appendix).

To better understand the circumstances under which the partici-
patory teaching methods promoted by the training work best, it is 
instructive to look at how the effects vary by class, teacher, and student 
characteristics. A key challenge for productive student engagement 
is posed by the typically very large classes in Tanzania. According 
to Table B.8, the impact of the interventions decreases with larger 
class sizes, but these effects are only marginally significant (columns 
7 and 8, see also Figures B.1a and B.2a). Another concern may be that 
the use of participatory teaching methods demands a higher level of 
content knowledge. Indeed, treatment effects appear to be larger for 
students who are taught by higher performing teachers (columns 5 and 
6, see also Figures B.1b and B.2b). Additional analyses by students’ 
sex and initial performance levels as well as teachers’ sex, age, and 
experience do not point towards relevant effect heterogeneity along 
these dimensions.

4.2. Did the computer-based content training yield additional benefits?

We also estimate the effects of each program version separately, 
using 
𝑌 𝑃𝑆𝐿𝐸(2021) = 𝛽 𝑇 1 + 𝛽 𝑇 2 + 𝛿𝑌 𝑆𝐹𝑁𝐴(2018) +𝑋′𝛾 + 𝑉 ′𝜆+ 𝜙 + 𝜖 , (2)
𝑖𝑠𝑘 1 𝑠 2 𝑠 𝑖 𝑖 𝑠 𝑘 𝑖𝑠𝑘
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where 𝑇 1𝑠 is a binary indicator for the Pedagogy intervention, and 𝑇 2𝑠
indicates whether a treated teacher’s school was additionally assigned 
to the content training component, i.e. to Pedagogy & Content. We use 
the same Post-Double Selection Lasso procedure as in Eq.  (1).

As Table  2 shows, we do not find that providing laptops for content 
revision in addition to the pedagogical training yielded further learning 
gains for students. If anything, the point estimate for the extended 
intervention Pedagogy & Content is slightly lower than the pure Pedagogy
version, but this difference is very small and not significant (𝛽2 − 𝛽1 =
−0.033, p = 0.72).

To understand the mechanisms behind this null result for providing 
additional CAL content, it is informative to take a look at effects at the 
teacher level. Fig.  3 and Table B.13 present estimates of the causal ef-
fect of each treatment version on teachers’ content knowledge in math. 
Although teachers who received laptops improved their understanding 
of concepts related to NSEA by 0.18𝜎 (columns 5 and 6 in Table B.13), 
the effect on an overall score of math proficiency is smaller (0.13𝜎) 
and misses conventional levels of statistical significance (columns 1 
and 2). Evidence from previous studies show that a 1𝜎 increase in 
teacher content knowledge is associated with a 0.09𝜎 improvement in 
student learning (Bau and Das, 2020; Metzler and Woessmann, 2012), 
suggesting that the effect on teachers was likely too small to translate 
into measurable differences at the student level.

One possible interpretation of these modest effects is that teachers 
did not use or appreciate the laptops for their intended purpose. Our 
complementary data suggests otherwise. Teachers reported using the 
learning software for an average of 5 to 6 h weekly and gave very 
favorable evaluations of the computer-assisted learning aspect, with 
68 percent rating it as excellent and 20 percent as good. This positive 
feedback was echoed in the interviews, where teachers unanimously 
voiced strong appreciation for the laptops and reported using them 
frequently for content revision or lesson preparation. As these self-
reports may overstate actual use due to social desirability bias, we 
also inspect effect heterogeneity by age as a proxy for technology 
affinity. Indeed, we find some evidence that older teachers benefited 
less from the intervention, indicating potential technological barriers 
(Table B.17, columns 3 and 4). Another concern is that laptops may 
have crowded out lesson preparation time. We test this by comparing 
classroom observations from treatment teachers with and without lap-
tops. We find no evidence of crowding-out: lesson preparation quality 
(3.88 vs 3.76 out of 5, p = 0.34), on-time class starts (>95% in both 
groups), and share of children on-task (35% vs 33%, p = 0.82) were 
similar across groups. Of six teaching elements observed, only ‘‘dialog’’ 
differed significantly between groups (p = 0.06).

Another plausible explanation is that most teachers already had a 
good command of the primary school curriculum to begin with. As 
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Table 2
Program effect on the math score of pupils by implementation version.
 Standardized Scored A or B Passed

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

 T1: Pedagogy 0.134 0.140∗ 0.057∗ 0.057∗∗ 0.024 0.027  
 (0.085) (0.081) (0.029) (0.029) (0.028) (0.027)  
 T2: Pedagogy & Content 0.091 0.107 0.035 0.038 0.022 0.028  
 (0.076) (0.074) (0.026) (0.026) (0.029) (0.028)  
 Pupil baseline math score 0.473∗∗∗ 0.349∗∗∗ 0.117∗∗∗ 0.105∗∗∗ 0.204∗∗∗ 0.142∗∗∗ 
 (0.017) (0.024) (0.007) (0.009) (0.008) (0.010)  
 T2 − T1 −0.043 −0.033 −0.022 −0.019 −0.002 0.001  
 (0.094) (0.092) (0.033) (0.032) (0.033) (0.032)  
 Control mean of dep. var. 0.000 0.000 0.124 0.124 0.570 0.570  
 Observations 10 132 10132 10132 10132 10132 10132  
 Adjusted R2 0.253 0.288 0.147 0.171 0.202 0.227  
 Controls (PDS Lasso) No Yes No Yes No Yes  
 Strata fixed effects Yes Yes Yes Yes Yes Yes  
Notes: The dependent variable is pupils’ standardized math score for columns (1) and (2), a binary variable indicating whether a pupil scored A 
or B (highest grades) in math for columns (3) and (4), and a binary variable indicating whether a pupil passed the math exam for columns (5) 
and (6). Pupil baseline math score is a pupil’s score in the SFNA exam administered in grade 4. Controls are selected using Post-Double Selection 
Lasso. Huber-White robust standard errors, clustered at the school level, in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
Fig. 3. Treatment effects on teachers’ overall and domain-specific math scores Notes: Estimates for the effect of the two intervention versions on targeted teachers
are shown. Controls include baseline score, sex, age, and years since graduation at baseline. 90 percent confidence intervals shown. For more information on the 
sample size and the estimation strategy, see the Online Appendix B.7.
shown in Figure B.4, the average teacher was able to correctly answer 
78 percent of the questions on materials covered in grades 2 to 7 
correctly. While targeted teachers scored an average of 81 percent, peer 
teachers scored only 74 percent, suggesting that schools selected par-
ticularly high-performing teachers for program participation. Overall, 
50 percent of the teachers pass the threshold for subject proficiency—at 
least 80 percent correct answers—advocated by the World Bank (Bold 
et al., 2017a). Only 2 percent of all teachers answered less than 50 
percent of the questions correctly.

A comparison with results from an almost identical assessment 
conducted with teachers in El Salvador suggests that the Tanzanian 
teachers perform considerably better than their counterparts in El 
Salvador (see Brunetti et al., 2020). Hence, it appears plausible that 
many Tanzanian teachers in our sample regions are already sufficiently 
proficient in math to teach effectively at the primary level. In line 
with this argument, Table B.17 in the Online Appendix points to 
considerable effect heterogeneity by teachers’ initial ability level. Low-
performing teachers markedly improved their content knowledge as a 
result of the intervention (0.51𝜎, p = 0.004, for teachers below the 
median), but these effects decline significantly as teachers’ baseline 
scores improve, and are close to zero for high-performing teachers 
(not shown). However, this improvement in low-performing teachers’ 
content knowledge did not translate into gains in student learning 
(Figure B.1b).

From an impact evaluation perspective, the additional investment 
in the IT equipment for content revision did not pay off. Although low-
performing teachers appear to have used the software to catch up with 
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their better-prepared colleagues, we do not find that such gains were 
transferred to students. This is also in line with recent studies reporting 
mixed evidence on the effectiveness of education technology (e.g., Beg 
et al., 2022; de Barros, 2023).

4.3. Did the intervention produce externalities for indirectly exposed stu-
dents and teachers?

To analyze spillovers on indirectly exposed fourth graders rather 
than directly exposed seventh graders, we slightly adapt Equation (1) 
and estimate 
𝑌 𝑆𝐹𝑁𝐴(2021)
𝑖𝑠𝑘 = 𝛽𝑇 𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑠 + 𝛿𝑌 𝑆𝐹𝑁𝐴(2018)

𝑠 +𝑋′
𝑖 𝛾 + 𝑉 ′

𝑠 𝜆 + 𝜙𝑘 + 𝜖𝑖𝑠𝑘, (3)

where 𝑌 𝑆𝐹𝑁𝐴(2021)
𝑖𝑠𝑘  is the standardized math SFNA score of student 

𝑖 in school 𝑠 and stratum 𝑘 in 2021. As no standardized national 
assessment results are published for students below grade four, we 
include the school-level SFNA score from 2018, 𝑌 𝑆𝐹𝑁𝐴(2018)

𝑠 , as a 
lagged performance measure. Our set of potential controls for the Post-
Double Selection Lasso includes student gender, the school-level vari-
ables from Eq.  (1) and various school-level aggregates of student-level 
characteristics.14

14 Depending on the outcome, this procedure selects one to three addi-
tional controls, including school-level baseline scores, student gender, and the 
pupil–teacher ratio.
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Table 3
Cascading effect on students’ math scores.
 Standardized Scored A or B Passed

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

 Treatment 0.029 0.049 0.011 0.011 −0.000 0.014  
 (0.051) (0.049) (0.010) (0.010) (0.018) (0.016)  
 School SFNA avg. score (std) 0.155∗∗∗ 0.125∗∗∗ 0.025∗∗∗ 0.026∗∗∗ 0.055∗∗∗ 0.041∗∗∗ 
 (0.032) (0.033) (0.006) (0.006) (0.012) (0.011)  
 Control mean of dep. var. 0.000 0.000 0.066 0.066 0.730 0.730  
 Observations 15 073 15073 15073 15073 15073 15073  
 Adjusted R2 0.068 0.075 0.032 0.036 0.041 0.055  
 Controls (PDS Lasso) No Yes No Yes No Yes  
 Strata fixed effects Yes Yes Yes Yes Yes Yes  
Notes: The dependent variable is pupils’ standardized SFNA math score for columns (1) and (2), a binary variable indicating whether a pupil 
scored A or B (highest grades) in math for columns (3) and (4), and a binary variable indicating whether a pupil passed the math exam for 
columns (5) and (6). School-level baseline scores are the school’s average pre-treatment scores in the SFNA exam administered in grade 4 and 
the PSLE exam administered in grade 7. Controls are selected using Post-Double Selection Lasso. Huber-White robust standard errors, clustered 
at the school level, in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
 

Table  3 examines spillover effects on students whose teachers were 
indirectly exposed to the treatment through peer learning activities 
in their school. In all pooled specifications, estimates are small and 
not statistically significant. When disaggregating by program version 
in Table B.9, the pure Pedagogy treatment yields larger point esti-
mates, though they are statistically insignificant in five out of six 
specifications. At the teacher level, we find mixed evidence of con-
tent knowledge spillovers. For the Pedagogy & Content treatment, we 
estimate a statistically insignificant spillover effect of 0.14𝜎 on peer 
teachers (Tables B.13 and B.15), which is consistent with the moderate 
direct effects of the additional content training. In contrast, the Ped-
agogy arm yields a significant increase of 0.21𝜎 in peer teacher math 
competency (p = 0.05, Table B.15).15

One possible explanation for the absence of compelling treatment 
externalities is that the observation period of our study was not long 
enough to capture effects on students of indirectly exposed teachers. 
Given the time lag between the initial teacher training and the cascad-
ing activities, peer teachers may not have had sufficient time to put 
the new techniques into practice. Another concern is that fourth and 
seventh grades differ in teacher quality, class size, and curriculum com-
plexity, and those differences may influence treatment effectiveness re-
gardless of cascading (see Table B.8 for the heterogeneity analysis). Re-
latedly, the distributional properties of the grade-specific assessments—
like potential ceiling or floor effects—vary between fourth and seventh 
grades (see Figures  2(a) and B.3a).16 To assess the plausibility of these 
hypotheses, we can draw on non-experimental data from the imple-
mentation phase 2013 to 2019, i.e., the period prior to the execution 
of the field experiment. Using the PSLE scores for these years, we 
conduct a difference-in-difference analysis to assess the impact of the 
program for seventh graders over a longer time horizon. Unlike our 
2020/21 experimental evaluation, previous implementation rounds did 
not target specific grade levels. Typically, one teacher per school partic-
ipated in the training, with all other teachers exposed only indirectly 
through cascading activities. Hence, our difference-in-difference esti-
mates correspond to an upper bound for spillover effects at the school 

15 This finding allows for two interpretations: First, target teachers—who 
had higher baseline math skills (Table B.18)—may have helped peer teach-
ers refresh knowledge during knowledge sharing activities, even though 
they themselves showed no further gains (Table B.13). Second, the re-
sult might reflect random variation, particularly given that the Pedagogy & 
Content treatment—which explicitly included content training—produced no 
measurable spillover effects on peer teachers.
16 While PSLE scores roughly follow a bell-shaped curve, SFNA scores are 
more compressed at the lower end, with nearly 30 percent of students scoring 
an E (lowest grade), implying less sensitivity to potential improvements among 
low-performing students. This difference is unlikely to account for the null 
results for spillovers, as direct effects were mainly driven by changes at the 
upper end of the distribution.
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level. As Fig.  4 and extensive analyses in Online Appendix C show, we 
obtain a null effect for this upper bound estimate of spillovers. Hence, 
neither insufficient time for peer teachers to adopt new techniques nor 
variation between fourth grade and seventh grade (e.g., teacher quality, 
distributional properties of assessments) seem plausible explanations 
for the lack of robust spillovers.

Another possibility is that the knowledge sharing activities were not 
carried out. Again, our complementary data suggests otherwise. Almost 
all targeted teachers report organizing the model lessons (95%) and the 
peer learning groups (96%), and most peer teachers report participating 
in these activities (88% for both model lessons and peer learning 
groups), with the average peer teacher claiming to have attended 3.8 
model lessons. Moreover, the knowledge sharing activities are rated 
very positively by both targeted and peer teachers.17

A further consideration is that differential attrition among fourth 
graders might bias our spillover estimates downward. If student dropout
is concentrated among the worst-performing fourth graders and the 
professional development program reduces dropout, we would underes-
timate the spillover effect. While we cannot directly assess this potential 
confounding channel, it seems unlikely given the minimal variation in 
attrition rates among seventh graders (Table B.5).

Hence, a more plausible explanation is that although the cascading 
activities were conducted, they did not provide sufficient exposure 
to the new pedagogical techniques for peer teachers to effectively 
restructure their classes.

4.4. How cost-effective is the program?

Due to potential externalities and second-round effects, accurately 
assessing the cost-effectiveness of teacher professional development is 
challenging. While our design captures spillovers to other teachers, it 
cannot account for gains to future student cohorts taught by trained 
teachers. Thus, our estimates likely represent a lower bound for the 
true cost-effectiveness.

With this limitation in mind, the implementation costs for the 
training program amount to 760 USD per teacher and 14 USD per 
student. The main cost items were staff salaries and allowances for 
teachers and government officials participating in the intervention. In 
the program arm combining pedagogy and subject-specific content, the 
procurement of tablets equipped with CAL software raised costs by 
41 percent, to 1070 USD per teacher. Based on these estimates, every 

17 This should not be taken as conclusive evidence of the successful im-
plementation of the cascading elements, as teachers may have succumbed 
to a common tendency to give socially desirable, but dishonest answers. 
Indeed, in the in-depth interviews, teachers were somewhat more critical of 
the cascading elements, with some interviewees mentioning challenges to their 
implementation due to a lack of interest from some of their colleagues.
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Fig. 4. Event study plots for cascading effects, 2013–2019. Notes: Event study estimates based on Callaway and Sant’Anna (2021) for PSLE (grade 7) test scores. 
Estimates compare treated schools to never treated schools (A) or not-yet-treated schools (B). Period 0 represents the year of treatment. 95% confidence intervals 
shown.
100 USD invested in the teacher training program increased students’ 
math scores by 1.0𝜎. For the Pedagogy & Content arm, cost-effectiveness 
decreases to 0.5𝜎 per 100 USD, as the tablets raised program costs 
without improving impact (Table  2).

Even though we do not report statistically significant spillover ef-
fects through peer-to-peer cascading, it is illustrative to gauge how such 
effects would impact the cost-effectiveness. With indirectly exposed 
students outnumbering those of trained teachers by eight to one, even 
small spillovers could increase program benefits several-fold. If we 
use our statistically insignificant point estimate of 0.042𝜎 as the true 
spillover effect (Table  3), cost-effectiveness would increase from 1.0𝜎
per 100 USD to 3.4𝜎 per 100 USD.

To contextualize our cost-effectiveness estimates, we compare them 
to education programs reviewed by Kremer et al. (2013) and Angrist 
et al. (2025). To enhance comparability to the studies reviewed in Kre-
mer et al. (2013), we adjust our main cost-effectiveness estimate of 
1.0𝜎 per 100 USD2020 for inflation between 2011 and 2020, that is, 
between the base year used in the review and the implementation 
year of our study. This yields a cost-effectiveness estimate of 1.2𝜎
per 100 USD2011. Among the 30 interventions reviewed by Kremer 
et al. (2013), 16 (53%) report a negative or zero effect, 6 (20%) 
show higher cost-effectiveness, and 8 (27%) interventions estimate a 
similar cost-effectiveness, with 1.2𝜎 per 100 USD2011 falling within 
their 90% confidence interval. Angrist et al. (2025) synthesize cost-
effectiveness estimates (without inflation or PPP adjustments) for 97 
studies with 135 different treatment arms. For those 135 interventions, 
48 (36%) did not produce statistically significant effects, the median 
cost-effectiveness is 0.39𝜎, and a cost-effectiveness of 1.0𝜎 per 100 USD 
corresponds to the 62th percentile.

In summary, the results suggest that, even based on conserva-
tive estimates excluding effects on future student cohorts or spillovers 
from cascading, pedagogical teacher training can be a cost-effective 
approach to improving student learning.

4.5. How informative are participants’ self-reports about the impact of 
different program aspects?

An ongoing debate in the development community concerns the 
merits of two distinct evaluation traditions: a quantitative paradigm 
emphasizing causal inference methods and a more qualitative tradition 
focusing on the experiences of project stakeholders (e.g., Banerjee and 
Duflo, 2009; Garbarino and Holland, 2009). Despite the emphasis on 
causal inference methods within academic circles, many practitioners 
favor experience-based approaches, and few programs undergo rigor-
ous impact evaluations. The main contribution of this paper is the 
identification of causal effects through a field experiment, but we can 
also combine and compare our experimental findings with insights from 
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surveys and interviews with project beneficiaries. In particular, we 
asked all participating teachers to gauge the effect of the intervention 
on different outcomes, allowing us to contrast these self-reports with 
the actual causal effects we identified through the experiment (see 
Table  4).

These findings tie into a nascent literature studying biases in evalu-
ations (e.g., Camfield et al., 2014). Two broad explanations accounting 
for participants’ overly optimistic impact assessments can be distin-
guished. First, people’s capacity for counterfactual thinking is limited, 
leading them to misattribute outcomes or changes in their lives to the 
programs they participated in McKenzie (e.g., 2018). Comparing actual 
and self-reported effects in three labor market interventions, Smith 
et al. (2021) conclude that participants act as ‘‘lay scientists’’. Their 
assessments are largely unrelated to the actual causal impact estimated 
for their group, but tend to follow coarse heuristics for this impact, such 
as unconditional outcomes or before-after comparisons. A second well-
documented bias in social science research, known as courtesy bias, 
social desirability bias, or experimenter demand effects, is a general 
tendency of subjects to provide answers they perceive as aligning with 
the researcher’s expectations (Camfield et al., 2014; Krumpal, 2013; 
Zizzo, 2010). In project evaluation, the resulting pro-project bias is 
likely to be exacerbated if people believe that the evaluation will de-
termine whether the project is continued. Our findings are in line with 
these biases and suggest that feedback gathered through participant 
surveys and interviews, while a valuable complement to experimental 
evidence, are ill-suited for assessing causal effects.

5. Conclusion

Addressing the global learning crisis calls for innovative strategies 
to track and improve education (e.g. Patrinos and Angrist, 2018; World 
Bank, 2018; Jakob and Heinrich, 2023). Teachers are critical to the 
success of an education system, make up a substantial share of the 
global workforce and account for 80 percent of educational expen-
ditures (UNESCO, United Nations Educational, Scientific and Cultural 
Organization, 2024). While previous research has strongly focused on 
the misaligned economic incentives teachers often face, this study 
is premised on the assumption that they could be using ineffective 
pedagogy. In a randomized controlled trial with 440 teachers and about 
25,000 students in Tanzania, we show that promoting participatory 
teaching strategies significantly improves students’ learning outcomes 
by 0.13𝜎. Our findings are based on standardized national assessments 
and corroborated by evidence from our classroom observations and 
participant surveys affirming that teachers indeed implemented and 
appreciated the new participatory methods.

Our study also explores the potential of computer-assisted learning 
to improve teachers’ content knowledge and, thereby, student learn-
ing. We find suggestive evidence that providing computers with a 
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Table 4
Comparison between observed causal effects and participants’ reported beliefs.
 RCT: Causal estimates Survey: Participants’ beliefs about impact  

 Impact of intervention on student learning  Significant effect of 0.13 SD*  Did the project improve the math skills of your pupils?
Strongly agree: 74%, rather agree: 22%

 

 Spillovers of intervention on students of 
peer teachers

Effect insignificant and close to zero  Did the project improve the math skills of your pupils?
Strongly agree: 78%, rather agree: 19%

 

 Impact of  Pedagogy intervention on 
teachers’ math skills

Effect insignificant and close to zero  Did the project improve your math skills?
Strongly agree: 87%, rather agree: 5%

 

 Impact of  Pedagogy & Content intervention 
on teachers’ math skills

 Effect of 0.13 SD, but insignificant  Did the project improve your math skills? 
Strongly agree: 85%, rather agree: 11%

 

 Spillovers of  Pedagogy & Content
intervention on peer teachers’ math skills

 Effect of 0.14 SD, but insignificant  Did the project improve your math skills?
Strongly agree: 81%, rather agree: 15%

 

learning software helps low-performing teachers improve their math 
skills. However, this does not translate into measurable learning gains 
for their students. Previous research suggests that a 0.1𝜎 gain in stu-
dent learning would require a 1.1𝜎 improvement in teachers’ content 
knowledge (Bau and Das, 2020; Metzler and Woessmann, 2012)—a 
very ambitious effect size for educational interventions. Our findings 
underscore that addressing shortfalls in teachers’ content knowledge is 
not a low-hanging fruit for promoting student learning.

We report similarly discouraging results for spillovers to other 
teachers and their students through cascading activities. Cascading 
schemes are favored in the development community for their potential 
to increase the number of beneficiaries and extend the reach of a 
project, yet our results suggest that producing measurable learning 
spillovers is not straightforward. More research is needed to explore 
if and how the promise of cascading can be realized in educational 
initiatives.

Nevertheless, even without relying on spillovers, building teacher 
competencies can be a cost-effective approach to improve student learn-
ing. Teachers influence dozens of student cohorts throughout their ca-
reers, and evidence suggests that improved teaching practices can per-
sist across multiple cohorts, even if effects may diminish over time (e.g., 
Cilliers et al., 2022a). Promoting participatory teaching may thus be a 
key ingredient in a comprehensive strategy to ensure that children in 
developing countries are not only going to school, but actually learning.
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