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Abstract 

 This dissertation examines at-scale government teacher training programs and 

student performance. Our sample is drawn from officers of Thailand’s Ministry of 

Education, the Institution for the Promotion of Teaching Science and Technology (IPST) 

and National Institute of Educational Testing Service (NIETS). This dissertation consists 

of two chapters. The first chapter evaluates the effects of the Active Learning School 

(ALS) Project in three provinces in the south of Thailand on national test scores during 

the period 2017–2019. Instruction in the project combines two interventions, the 

cooperative learning approach (CL) and professional development (PD), to improve the 

academic performance of students. Schools in the district were ranked and selected for 

the project on the basis of their grade six students' scores on the 2016 Ordinary National 

Education Test scores. The study provides regression discontinuity (RD) results on 

student performance pooled across years, grades and subjects. The results estimated from 

subsamples pooled across either subject and grade or subject and year are consistent with 

the main results. All results suggest that the project did not substantially improve student 

performance as measured by national test scores, since the effect sizes are very small with 

the 95 percent confidence interval estimates between -0.1 and 0.1 test score standard 

deviation. The major factors hindering the success of district-wide interventions were 

found to be inadequate teacher training, imperfect classroom implementation, and lack of 

administrative support and follow-up. 

 In the second chapter, evaluations of the effects of Science, Mathematics and 

Technology (SMT) promotion on national test scores of students in Thailand during 2018 

– 2020 are discussed. In order to mitigate education inequality and improve academic 
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performance of Thai students, the project aims to enhance the skills and teaching style of 

SMT teachers in participating primary and secondary schools. This study provides 

difference-in-difference results pooled across grades on science and mathematics 

performance of 6th and 9th grade students. Overall results suggest that the project did not 

substantially improve student performance as measured by national test scores. The effect 

sizes are smaller than 0.05 standard deviation with the 95 percent confidence interval 

estimates between -0.1 and 0.1 standard deviation in both grades. Nevertheless, the effect 

sizes of students in top performance schools are larger than 0.05 (0.1) standard deviation 

on science (mathematics) scores of 6th grade students. According to survey data, the major 

hindrances preventing the success of the intervention are ineffective online training, 

difficulty in classroom implementation, and lack of school resources. 
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CHAPTER ONE 

Introduction 

Many countries attempt to improve quality of education by implementing 

academic intervention various types, including after-school programs, coaching/ 

mentoring of students, coaching/mentoring of personnel, computer-assisted instruction, 

content changes, cooperative learning, summer programs, tutoring, and personnel 

development (Dietrichson and Jorgenson 2017). Two most common academic 

interventions are cooperative learning (CL) and teachers’ professional development (PD) 

programs.  Cooperative learning encourages students to cooperate and work together in 

small groups in order to maximize their own and each other’s learning (Johnson and 

Johnson 1999). Teacher professional development usually offers in-service teacher 

training in the form of workshops or short-term courses, to provide teachers with new 

information and enhance their experience (Villegas-Reimers 2003).  

Many developing countries implement CL and teacher PD programs, aiming to 

improve student performance. Over the past two decades, a growing literature on impacts 

of the programs on student academic achievement provides mixed evidence on large-

scale interventions from many countries, ranging from successful (Albornoz et al. 2020; 

Sun and Du 2021; Cilliers et al. 2020) to ineffective (Mbiti I 2016; Loyalka et al. 2019; 

Abbiati et al. 2021; Schaffner et al. 2021; Carneiro et al. 2022). For instance, Tan et al. 

(2007) and Demie et al. (2019) find no statistically significant impact of CL intervention 

in two schools, Thurston et al. (2019) in 10 high schools with 95% confidence interval 

between -0.15 and 0.10 standard deviation, Tracey et al. (2010) in 34 primary schools, 

and Loyalka et al. (2019) in 300 schools with 95% confidence interval between -0.053 
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and 0.074 standard deviation. Other ineffective large scale interventions are, for example, 

studies, by Schaffner et al. (2021) in Nepal with 95% confidence interval between -0.239 

and 0.019 standard deviation, and by Carneiro et al. (2022) in Ecuador with 95% 

confidence interval between -0.135 and 0.001 standard deviation. On the other hand, 

Albornoz et al. (2020), for example, reported positive impacts on performance of 7th-

grade students in Argentina with 95% confidence interval between 0.305 and 0.795 

standard deviation. Cilliers et al. (2020) found positive impacts on performance of 

primary school students in South Africa with 95% confidence interval between 0.061 and 

0.407 standard deviation.  

 This dissertation examines effects of two at-scale government teacher training 

programs on student performance. Those two programs are Active Learning School 

(ALS) project and Science, Mathematics and Technology (SMT) promotion. ALS project 

combines CL concept with teacher PD program, while SMT promotion mainly applies 

teacher PD program. Our sample is drawn from officers of Thailand’s Ministry of 

Education, the Institution for the Promotion of Teaching Science and Technology (IPST) 

and National Institute of Educational Testing Service (NIETS).  

There are two main chapters in this dissertation. The first chapter evaluates the 

effects of the Active Learning School (ALS) Project in three provinces in the south of 

Thailand on national test scores during the period 2017–2019. Schools in the district were 

ranked and selected for the project on the basis of their grade six students' scores on the 

2016 Ordinary National Education Test scores. The study provides regression 

discontinuity (RD) results on student performance pooled across years, grades and 

subjects. The results estimated from subsamples pooled across either subject and grade 
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or subject and year are consistent with the main results. All results suggest that the project 

did not substantially improve student performance as measured by national test scores, 

since the effect sizes are very small with the 95 percent confidence interval estimates 

between -0.1 and 0.1 test score standard deviation. The major factors hindering the 

success of district-wide interventions were found to be inadequate teacher training, 

imperfect classroom implementation, and lack of administrative support and follow-up. 

 In the second chapter, evaluation of the effects of Science, Mathematics and 

Technology (SMT) promotion on national test scores of students in Thailand during 2018 

– 2020 is discussed. This study provides difference-in-difference results pooled across 

grades on science and mathematics performance of 6th and 9th grade students. Overall 

results suggest that the project did not substantially improve student performance as 

measured by national test scores. The effect sizes are smaller than 0.05 standard deviation 

with the 95 percent confidence interval estimates between -0.1 and 0.1 standard deviation 

in both grades. Nevertheless, the effect sizes of students in top performance schools are 

larger than 0.05 (0.1) standard deviation on science (mathematics) scores of 6th grade 

students. According to survey data, the major hindrances preventing the success of the 

intervention are ineffective online training, difficulty in classroom implementation, and 

lack of school resources. 

This dissertation makes two major contributions. First, this study provides 

evidence of a general lack of success from a case involving a large-scale professional 

development and cooperative learning intervention in Southeast Asia. Therefore, it 

provides some useful information for countries with similar background and culture, i.e. 



12 
 

for Southeast Asian countries. In addition, an online survey conducted by a third-party 

provides evidence and possible explanations for ineffectiveness of a project.  

This paper is organized as follows. Chapter 2 discusses Effects of Cooperative 

Learning on Student Performance: Evidence from Southern Thailand introduces the 

Active Learning School Project in the South of Thailand. Chapter 3 discusses Science, 

Mathematics and Technology Promotion and Student Performance: Evidence from 

Thailand. Chapter 4 concludes the research and provides policy implications.  
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CHAPTER TWO 

Effects of Cooperative Learning on Student Performance:  

Evidence from Southern Thailand 

2.1 Introduction 

   Many countries attempt to carry out progress in the field of education by 

implementing educational policies in the form of projects. Such project style academic 

intervention can be of various types, including after-school programs, 

coaching/mentoring of students, coaching/mentoring of personnel, computer-assisted 

instruction, content changes, cooperative learning, summer programs, tutoring, and 

personnel development (Dietrichson and Jorgenson 2017). One of the most common 

academic interventions is cooperative learning (CL), in which the students are encouraged 

to cooperate and work together in small groups in order to maximize their own and each 

other’s learning (Johnson and Johnson 1999). This learning method facilitates student 

learning by providing a group interaction environment and applying active learning 

teaching techniques. In addition to cooperative learning, both developed and developing 

countries have made massive educational investments in teachers’ professional 

development (PD) programs, which usually offer in-service teacher training in the form 

of workshops or short-term courses, to provide teachers with new information and 

enhance their experience (Villegas-Reimers 2003).  

Johnson and Johnson (2018) characterize cooperative learning, in which students 

work together in small groups to maximize their own and each other’s learning, as the 

foundation of active learning procedures. In 2016, the Active Learning School (ALS) 

project was launched in the three southmost provinces of Thailand, using a combination 
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of cooperative learning and personnel development approaches to improve the academic 

achievement of students in schools in the region. Since the region has language, religious, 

and cultural differences from the rest of Thailand, compounded by local political turmoil 

in Pattani, Yala and Narathiwas provinces, schools in the south find it difficult to design 

and deliver classes and activities which are appropriate for improving education 

outcomes. Despite recent interest in the effect of academic intervention on academic 

achievement in Thailand, few empirical studies have quantitatively examined the effects 

of education projects on student performance. 

This study examines the effect of the ALS project on the performance of students 

in the three southern provinces of Thailand. Schools were selected for the project on the 

basis of their 2016 scores on the grade six Ordinary National Education Test (O-NET).  

Schools were ranked in ascending order within district and those schools with relatively 

low average test scores were selected for the project. In other words, schools with average 

test scores below the cutoffs were designated as the treatment group and those above the 

cutoffs as the control group. In order to evaluate the effectiveness of the project, 

individual O-NET scores of grade six students in 2017, 2018 and 2019 were used as main 

dependent variable of this study. Additionally, Reading Test (RT) scores of grade one 

students and National Test (NT) scores of grade three students were analyzed to confirm 

robustness. I compared the educational achievement of students in grades one, three and 

six in treatment and control schools by computing the mean of individual test scores at 

school level. For internal validity check, I conducted a balance test of pretreatment 

covariates. The results provide no evidence of discontinuity in 2016 covariates including 

number of teachers, number of students, number of classrooms, and student-teacher ratio. 

Consequently, schools in the same neighborhood are plausibly comparable.   
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The results provide regression discontinuity (RD) estimates of impact of the 

project on student performance using individual test scores as a proxy. The total effects 

estimated from the pooled test scores are insignificantly different from zero with a 95% 

confidence interval between minus 0.1 and 0.1 test score standard deviation. The results 

suggest that the project did not significantly improve the performance of students as 

measured by national test scores, since the effects on the scores were neither highly 

positive nor negative. I estimated the effect of the program on subsample test scores 

pooled across either years or grades. The estimates obtained from subsamples are similar 

to the original estimates, i.e. the total effects; however, I detected some heterogeneity 

across grades but none across years. The consistency of those subsample estimations 

allows us to confidently conclude that the impact of the ALS project was not sufficient to 

warrant the claim that the project improved academic achievement of students in the south 

of Thailand.  

There was limited success of the use of the CL approach, but most of the instances 

of success were in small scale implementations, i.e. at the classroom or school level, for 

example, six-classroom intervention (Kramarski et al. 2001), 12-classroom intervention 

(Kramarski and Mevarech 2003), and single school intervention (Genc 2016). Those 

studies provide RCT evidence demonstrating positive effects of the CL approach on the 

academic achievement of elementary and junior high school students. On the flip side, 

some RCT studies failed to find evidence that cooperative learning gives rise to 

significant improvement when implemented on a large scale, i.e. at the multiple-school 

to district level. For instance, Tan et al. (2007) and Demie et al. (2019) find no statistically 

significant impact of CL intervention in two schools, Thurston et al. (2019) in 10 high 

schools with 95% confidence interval between -0.15 and 0.10 standard deviation, Tracey 
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et al. (2010) in 34 primary schools, and Loyalka et al. (2019) in 300 schools with 95% 

confidence interval between -0.053 and 0.074 standard deviation. The explanation for the 

success of small scale interventions could be that the changes required for these 

interventions were made perfectly in the classrooms, and therefore increased the 

probability of improvement in students’ academic achievement.  

Regarding the effect of teacher PD on student academic achievement, Jacob and 

Lefgren (2004) provide fuzzy regression discontinuity evidence suggesting that staff 

development did not significantly enhance student performance in high-poverty schools. 

Likewise, using a randomized control trial (RCT), Loyalka et al. (2019) observe that 

neither teacher PD alone nor teacher PD with follow-up and/or evaluation significantly 

improved academic achievement of Chinese students both in short term and a longer term. 

Since they investigated the effects of PD intervention in a large number of schools (461 

and 300, respectively), the studies lend support to the notion that large scale intervention 

is ineffective. Recent studies provide mixed evidence on interventions from many 

countries, ranging from successful to ineffective. Albornoz et al. (2020), for example, 

reported positive impacts on performance of 7th-grade students in Argentina with 95% 

confidence interval between 0.305 and 0.795 standard deviation. Cilliers et al. (2020) 

found positive impacts on performance of primary school students in South Africa with 

95% confidence interval between 0.061 and 0.407 standard deviation. Some ineffective 

large scale interventions are, for example, studies of Loyalka et al. (2019) in China with 

95% confidence interval between -0.053 and 0.074 standard deviation, Schaffner et al. 

(2021) in Nepal with 95% confidence interval between -0.239 and 0.019 standard 

deviation, and Carneiro et al. (2022) in Ecuador with 95% confidence interval between -

0.135 and 0.001 standard deviation.  
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This study makes three major contributions. First, many studies have identified a 

general lack of success of large-scale academic intervention in South Africa (Carneiro et 

al, 2022), Central Asia (Loyalka et al., 2019), and in South Asia (Schaffner et al, 2021), 

this study provides RD evidence of a general lack of success from a case of a large scale 

professional development and cooperative learning intervention in Southeast Asia, 

involving about 171,000 students from 662 schools in 3 provinces in Thailand. Countries 

in Southeast Asia have implemented similar academic intervention. By studying teacher 

professional development and cooperative learning intervention in Thailand, we can 

provide policy implication for countries with similar background and culture, i.e. for 

Southeast Asian countries. Second, this study reports results from multiple-grade test 

scores, i.e. RT (grade one), NT (grade three), and O-NET (grade six), while other similar 

studies reported only academic performance on either one or two subjects of students in 

the same grade. For example, Genc (2016) reports science achievement of sixth-grade 

students, Demie et al. (2019) report mathematics achievement of ninth-grade students, 

and Tan et al. (2007) report geography achievement of eighth-grade students. Some large 

scale interventions affect performance of students of more than a specific grade, for 

example, the implement of ALS project aimed to improve the performance of all students. 

Therefore, examining multiple grade test scores could capture more effects and provide 

solid evidence on whether the project is effective. Finally, this study reports effects, for 

periods of up to three years, of a large scale professional development and cooperative 

learning intervention.  

Large scale education interventions can be problematic for education 

policymakers due to the difficulty in implementation. Banerjee et al. (2007) report a 

significant improvement of 0.28 standard deviation resulting from an intervention by an 
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NGO in 77 schools in urban India. However, replicating the study on a larger scale (192 

schools in eight provinces in Kenya), Bold et al. (2018) find a significant positive effect 

of 0.19 standard deviations in schools randomly assigned to NGO implementation, and 

zero effect in schools receiving contract teachers from the Ministry of Education. 

Banerjee et al. (2017) identify market equilibrium, spillover effects, political reactions, 

context dependence, randomization or site-selection bias, and piloting bias or 

implementation as challenges for large scale policy implementation. Regarding the ALS 

project, it is possible that information spillover from treatment to control schools and 

imperfect classroom implementation are two main obstacles to successful intervention. 

Studies related to CL intervention suggest that, apart from imperfect classroom 

implementation, possible obstacles could be: inadequate training and practice; lack of 

familiarity with CL methodology; and unfavorable teacher attitude towards CL (Demie 

et al. 2019; Thanh et al. 2008). Tracey et al. (2010) suggest that more training and follow-

up are required to make CL intervention effective. Although in-service training is a 

widely used approach in teacher PD, PD is considered a long-term process (Villegas-

Reimers 2003). These findings point to a need for education policymakers to give careful 

consideration to the details of the implementation of large scale policy intervention. In 

case of Thai ALS project, the in-service training lasted only three days and the follow-up 

was performed infrequently, at most twice a month. Hence, policymakers might 

reconsider the training duration necessary to ensure the effectiveness of the teacher 

training process.  

This chapter is organized as follows. Section 2.2 introduces the Active Learning 

School Project in the South of Thailand. Section 2.3 provides the data sources and some 



19 
 

descriptive statistics. Section 2.4 mentions estimation approach. Section 2.5 shows the 

internal validity and robustness checks. Section 2.6 gives the estimation results. Section 

2.7 explains why the program was not effective. The details of the robustness check are 

in section 2.8. Conclusions and directions for further study are in section 2.9. 

2.2 Background 

2.2.1 Target Schools 

 Ministry of Education (MoE) Thailand intended to increase education 

opportunities nationwide by providing nine years of compulsory education in line with 

National Education Act B.E. 2542. Any child below age 12 who wishes to study can 

enroll in a school near their home, since Thailand has nine years of compulsory education, 

i.e. elementary and junior high school. In order to increase education opportunities, the 

total public expenditure on education as a percentage of GDP and of total government 

expenditure has been generous, at an average of 4 and 20 percent respectively, since 1999 

(Office of the Education Council, 2017). According to National Statistical Office (NSO) 

Thailand, MoE efforts have increased average years of schooling for the population aged 

above 15 from 7.4 years in 2002 to 8.6 years in 2018, whereas for those in the labor force, 

average years of schooling increased from 8.1 years to 9.6 years in the same period. There 

has been extensive debate as to whether the quality of education did in fact improve. Since 

1999, Thailand has been working to increase educational opportunity nationwide; 

however, there is no broad agreement that academic achievement in the country has 

improved. Even though schools evaluate their students' achievement by means of midterm 

and final exams, those exams are created within school or within district, so there is no 

uniform evaluation standard across schools.  
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In order to achieve the same evaluation standard for all students, National Institute 

of Educational Testing Service (NIETS), Thailand, was established in 2005 as a public 

organization, nationalizing Thai education measurement and evaluation. The institution 

annually conducts the Ordinary National Education Test which evaluates students’ 

achievement in Thai, English, mathematics, science and social studies for all students in 

grades six, nine and twelve. The MoE’s Office of Basic Education Commission (OBEC) 

received consistently low average national test scores with a decrease observed in the 

southern provinces of Pattani, Yala, and Narathiwas. In 2016, Active Learning School 

(ALS) project, launched by MoE, encouraged teachers to let students work together on 

both individual and group assignments during class hours, rather than giving traditional 

lectures. The objectives were to create a more interactive environment and to promote 

self-learning. Students in the three southern provinces have performed consistently below 

the national average in terms of national test scores, mainly due to differences in language, 

religion, and culture, compounded by political turmoil. The language used in that region 

is Bahasa Melayu, reflecting the influence of neighboring Malaysia, even though Thai is 

the official language. Additionally, according to the 2000 census, NSO Thailand reported 

that 93.83% of the national population practices Buddhism, followed by 4.56% that 

practices Islam, 0.8% Christianity, and 0.81% others. However, Islam is the predominant 

religion in the three southern provinces, where roughly 80% of the population practices 

Islam. Students in those provinces face considerable barriers to educational achievement 

since everybody in their community speaks Bahasa Melayu although Thai is the language 

of instruction in schools. Moreover, political turmoil in the region affects study 

timetables: classes are often cancelled due to the severity of the turmoil.   
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There are two ALS projects in the country; one for schools in the south and one 

for the rest of the country. In both ALS projects, participating schools are provided with 

materials to support teachers in creating group- and self-learning activities. In the south, 

ALS staff also provide training sessions for school principals and teachers of ALS 

schools. The training emphasizes teaching methods for group- and self-learning activities 

in classrooms. The training is practical; it provides various activities which emphasize 

critical thinking skills. Practical group activities are encouraged since they allow students 

to learn from their experience.  

The national tests are conducted annually in March by NIETS. In April 2017, the 

Ordinary National Education Test (O-NET) scores of grade six students in the academic 

year 2016 were used to select 158 schools for the project based on their performances. 

Each district was allocated a certain number of schools that could be selected for the ALS 

project. Schools were ranked by their 2016 average test score in ascending order within 

the district, and local authorities selected schools with relatively low scores for the 

project. Although schools knew about the program before their students took the 2016  

O-NET test, they could not know the location of the cutoffs as these were determined 

based on the test itself. In April 2018, the 2016 O-NET scores were used to select another 

192 schools into the project using the same approach. The project finally has 350 

participant schools from both phases. This selection process created a group of schools 

just to the right of a given cutoff that had a very similar performance but were not selected 

for the ALS project. I exploit the fact that treatment and control schools were separated 

based on cutoffs in each district and estimate the effects of the ALS Project using 

Regression Discontinuity Design (RDD) 
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As can be seen in Figure 2.1, about 33% of the schools included in the project 

were divided into two phases, 45.14% in phase I and 54.86% in phase II. The project 

information reveals that only 56% of treatment schools registered for the second training 

sessions, i.e. only 819 teachers from 196 schools attended the sessions. Non-trained 

schools accounted for 46% of treatment schools; these schools only had access to active 

learning materials. Trained teachers, representing less than 5% of the teachers in the 

south, i.e. 819 out of 17,594 teachers, were expected to transmit the content to their 

colleagues so that the concept of active learning is applied widely in schools. In practice, 

project supervisors in each ESAO monitor and encourage teachers to implement ALS 

teaching methods. However, there is no clear data on either how effective the knowledge 

transfers among teachers in the same school were or how the trained teachers adjusted 

their teaching techniques. Regarding teacher incentives, teachers are likely to be 

promoted to higher academic positions by school principals if they can provide evidence 

of classroom implementation of active learning concept and its effect on improvement of 

student performance. The higher academic position ensures a higher base salary; 

nevertheless, the floor and ceiling of the salary are based on both academic position and 

seniority. This study seeks to determine whether Active Learning Schools project did in 

fact substantially contribute to the improvement of student performance as measured by 

the national test scores.   

2.2.2 Project Timeline and Contents 

 The project was operated in the following steps. First, address the problem and 

identify teacher teaching requirement. Second, develop teacher professional development 

program to meet pre-standard. Third, implement the project. Finally, evaluate and follow 



23 
 

up the project. The project timeline is presented in Figure 2.2. In January 2017, the ALS 

authorities did a baseline survey to collect information about schools in the south. The 

survey focused on problems reported by teachers and their requests. From a total of 

17,594 teachers from nine Education Service Area Offices (ESAO), 392 teachers were 

randomly selected to respond to the survey. To ensure that the information reflects the 

situation in that area accurately, the number of teachers selected from each ESAO is in 

proportion to the total number of teachers in each ESAO. The teachers were asked to 

complete a questionnaire, responding to each question on a 5-point Likert scale, where 

five points indicated a serious problem and one point a least problematic issue. The 

teachers reported some difficulty with learning management processes including 

preparation, creation of learning activities, and evaluation, and average responses 

(standard deviation) were 4.52 (0.55), 4.53 (0.53) and 4.52 (0.58), respectively.  

After the authorities analyzed the problems and requests, they designed an 

intensive course for teachers in the ALS schools. The concept of active learning, 

identified as a solution to the reported problems, was introduced and developed as a 

teaching model for the schools. The pilot training program was implemented in June, the 

beginning of the academic year 2017, with a small group of 10 teachers who gave 

feedback and comments. Development of the program continued until the program met 

the pre-set standard. 
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The contents of the training program include King’s Philosophy 1 , brain 

development concept, active learning concept, graphic organizer, and academic 

assessment. In order to improve academic achievement of students, the program requested 

teacher’s cooperation to utilize technology, prioritize practice lessons, encourage idea 

sharing and question asking in class, assign group work, use graphic organizer, and do 

formative assessment. Moreover, the highlights of the program were to guide students to 

think systematically and to apply classroom knowledge to their real lives. Regarding the 

learning models, the project emphasized experiential learning, problem based learning, 

project based learning, and thinking based learning. The program design aimed to identify 

problems and intensify active learning and brain-based learning concepts to Thai, English, 

mathematics, and science teachers (Figure 2A-3 in Appendix). Therefore, the program 

introduced some brain-based learning tools that teachers can use in classrooms, including 

mind mapping, concept map, web, Venn diagram, circle diagram, fish bone diagram, 

table, ranking ladder, pie chart, bar chart, cycle map and diagram (Figure 2A-4 in 

Appendix).  

The first training sessions were held in an intensive 1-day training in November 

2017. Unfortunately, the conduct of the project was transferred to another team from a 

different department, and the training information including the number of schools and 

trained teachers was not transmitted. The new team proceeded with the plan and held the 

second training session in July 2018, after the training curriculum had been developed 

and finalized. A total of 1,036 professionals, consisting of 21 project supervisors, 196 

                                                            
1 King's Philosophy emphasizes the concept of "process comprehension and development".  
The concept encourages us to research and analyze data before we take actions to create new 
innovation. (Tanguthai, 2018) 
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principals and 819 teachers from 196 schools in 9 ESAOs, attended the sessions. Schools 

were requested to send at least one teacher from each subject, namely Thai, English, 

mathematics and science; those teachers were mostly selected by school principals.  

The teachers were divided into four batches and each batch attended the sessions 

for 3 consecutive days; the training timetable is shown in Table 2.1. A pretest on active 

learning knowledge and activities was administered before the sessions started. After the 

testing, the participants were divided into small groups of 5-7 persons and engaged in 

practical group activities to develop their active-learning-concept teaching skills. On the 

last day of the sessions, the subjects took the same test again. The test results indicate that 

the teachers acquired the knowledge and gained necessary experience from the sessions: 

their average scores (standard deviation) on the pretest and post-test were 16.2 (1.92) and 

25.82 (1.56), respectively, out of 30 points in total.  

After the training sessions, 65 supervisors from nine ESAOs were assigned to 

coach the participants and monitor the project. To evaluate the sessions, a few months 

later, local supervisors conducted a survey and distributed the questionnaire, asking about 

their satisfaction of the sessions, to all 819 trained teachers. The supervisors were able to 

collect 598 completed questionnaires which reported an average of 3.48 (0.35), 3.77 

(0.42), and 3.19 (0.61) points (standard deviation) out of five for lessons on teaching 

preparation, active learning curriculum and after class evaluation, respectively.  
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2.3 Data 

 This study analyzes data from educational data sources for the period 2016 to 

2019. The main data analyzed here are the national test scores from the National Institute 

of Educational Testing Service (NIETS), Thailand, i.e. the Ordinary National Education 

Test (O-NET) scores for grade six students from 2016 to 2019, the National Test (NT) 

scores for grade three students from 2017 to 2019 and the Reading Test (RT) scores for 

grade one students from 2018 to 2019. Every academic year, the O-NET tests includes 

Thai, English, mathematics and science tests whereas the RT tests speaking and reading. 

The NT tested literacy, numeracy and logic in 2017 and 2018; however, the tests were 

modified and only literacy and numeracy were tested from 2019 onward. The descriptive 

statistics can be found in Table 2.3. 

 The 2016 O-NET scores were used to select schools for inclusion in the project. 

After the scores were announced, the local authorities in each district ranked the schools 

in ascending order according to their average test scores and then set the cutoffs. The 

schools whose averages were below the cutoffs were to be included in the project; those 

above the cutoffs were not to be included. The project involved 38 districts in the south 

of Thailand; however, only data for 26 districts is analyzed in this study due to some 

limitations in terms of the cutoffs. Some schools below the cutoffs were not included in 

the project, while some schools above the cutoffs were included. I used individual scores 

to compute school level average test scores, then normalized the scores by subtracting the 

district cutoffs. The normalized scores were used as the selection criteria for pooling 662 

schools from 26 districts; the threshold value is zero.  
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Figure 2.3 shows the sample selection process. There are 350 ALS schools out of 

1,056 schools in 38 districts in the south (left panel in Figure 2.3). The first batch of 158 

schools was selected in April 2017; while the second batch of 192 schools was added in 

April 2018. I dropped all schools in 10 districts where the district cutoffs were not 

reported, and additionally dropped schools in two districts where the selection process 

was not clear. The sample in this study, therefore, includes only 210 ALS schools out of 

662 schools in 26 districts in the south (right panel in Figure 2.3).  

The probabilities of treatment calculated from the pooled observations reveal the 

difference in the probability of being an ALS between the groups of schools below and 

above the cutoff. Figure 2.4 suggests that schools with relatively poor 2016 O-NET scores 

have a higher probability of being selected as ALS. In the academic year 2017, the 

probability of being ALS for the lowest cluster equals one, whereas schools above the 

cutoff have a probability of less than 0.1 of being ALS, on an average. The information 

visualized in panel A, based on the OLS estimation, indicates that the probability of being 

ALS schools was significantly higher in schools just below the cutoff when compared to 

those schools just above the cutoff, 0.432 and 0.065, respectively. When the second batch 

ALS schools were included in the treatment group, the lowest cluster was definitely 

included in the project with a probability of one. Nevertheless, the probabilities of being 

ALS schools, presented in panel B, were higher for both groups of schools, i.e. just above 

and just below the cutoff. There are evident jumps in both panels; as a result, I exploit the 

selection cutoffs and use a fuzzy regression discontinuity design to evaluate the effect of 

ALS on student performance as measured by the national test scores. 
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The national test scores from 2017 to 2019 are outcome variables in this study. In 

order to compare the scores across years, I computed the z-scores of students in grades 

one, three and six from 2017 to 2019. There are 24 tests: 12 tests for grade six – Thai, 

English, mathematics and science from 2017 to 2019; eight tests for grade three – literacy, 

and numeracy from 2017 to 2019 and logic for 2017 and 2018; and four tests for grade 

one – speaking and reading in 2018 and 2019. Then, I computed school average z-scores 

by subject by year from individual z-scores and created a large panel data of school 

average z-scores of 24 tests from 2017 to 2019. The panel data were used to estimate the 

results, both overall and subgroup analysis of the project.2 Those subgroup analyses were 

for the groups pooled across years – 2017, 2018, and 2019 – and those pooled across 

grades – one, three, and six. In addition to the national test scores, the Ministry of 

Education provided important school information including the number of students, 

number of teachers and number of classrooms. That information was used to verify that 

schools just below and above the cutoff do not have any significant difference in terms of 

school characteristics.  

2.4 Estimation Approach 

 To identify the causal effect of the ALS project on student performance as 

measured by the national test score, I exploit the project selection cutoffs, which were set 

separately in each district. These cutoffs create a discontinuity in the probability of 

treatment as a function of normalized 2016 O-NET scores after the samples were pooled 

across districts. The discontinuity allows me to apply a regression discontinuity design 

                                                            
2 There is no data on specific trained teachers and classrooms; therefore, this study examined the 
project’s impact on student academic performance at the aggregate level, i.e. school level. 
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(Lee and Lemieux 2010; Van der Klaauw 2008). To bypass the question of model 

specification in RDD estimation, Hahn, Todd, and Van der Klaauw (2001) and Imbens 

and Lemieux (2008) propose local linear regression techniques, whereas Lee and 

Lemieux (2010) introduce polynomial regression techniques. Those techniques locally 

identify treatment effects in the neighborhood of the cutoff where the probability of 

receiving treatment changes discontinuously. For the ALS project, the schools just above 

and just below the cutoffs had similar performance in 2016 but the probability of being 

treated jumps discontinuously.  

 As discussed above, the ALS selection process segregated schools into two 

groups, including the groups of schools whose average 2016 O-NET scores were above 

and below the district cutoffs. In order to analyze the pooled data across districts, I 

compute the normalized 2016 O-NET scores 𝑋 ) which is the difference between 

school’s average scores and the district cutoffs. This normalization sets each district 

cutoff to zero where the normalized scores represent the score deviation from the cutoffs. 

The ideal selection should include all schools below the cutoffs and exclude all schools 

above the cutoffs. However, some schools below the cutoffs were not selected in the 

project, while some schools above the cutoffs were included. As a result, the jump in the 

probability of treatment schools at the normalized cutoff (c=0) is greater than zero but 

less than one, thus a fuzzy regression discontinuity design is applied in this analysis. 

 Given a normalized 2016 O-NET score as an assignment variable 𝑋 ), the model 

specification outcome (𝑌 ) can be written as 

𝑌  𝜏𝐷 𝑓 𝑋 𝑆 𝑇 𝑈    (1) 
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   𝐷 𝜋𝐼 𝑋 0 𝑔 𝑋 𝑆 𝑇 𝑉   (2) 

where 𝑌  denotes an average test score of school i in district j for test k; 𝐷  is a dummy 

for ALS status, one for AL schools and zero otherwise; 𝑋  is the school i average test 

score normalized with respect to district j cutoff (𝑐 ; 𝐼 𝑋 0  is an indicator for the 

school i above the cutoff in district j; 𝜏 is the effect of ALS Project on the test score; 𝜋 is 

the effect on the ALS probability after crossing the cutoff; 𝑓 𝑋  and 𝑔 𝑋  are 

polynomial functions of the normalized score; 𝑆  is a set of district dummies; 𝑇  is a set 

of test dummies; and 𝑈  and 𝑉  capture the error terms. 

I use a rectangular kernel which gives an equal weight for all observations in the 

estimation sample, as suggested by Imbens and Lemieux (2008). For the bandwidth 

selection, Imbens and Kalyanaraman (2012) propose the Mean Squared Error (MSE) 

optimal bandwidth, which was developed from the Mean Integrated Squared Error 

criterion (MISE). I specify the bandwidth selection by allowing two different MSE-

optimal bandwidth selectors, below and above the cutoff, for the RD treatment effect 

estimator. The standard errors provided in the estimation is the robust standard errors 

clustered at district level (Calonico et al. 2017).  

 In this fuzzy RD design, an instrument for the treatment dummy 𝐷  is 𝐼 𝑋 0 . 

As mentioned in Hahn, Todd, and Van der Klaauw (2001), 𝐸 𝑈 |𝑋 𝑥  continuous 

in x is a crucial assumption for the instrumental variable framework. Lee and Lemieux 

(2010) suggested an alternative assumption, the so-called imprecise control, which 

implies that the continuity of the density of the assignment variable is a sufficient 

condition for the continuity of unobservable (𝑈 . In the direct and intuitive test of the 



31 
 

imprecise control of the assignment variable, introduced by McCrary (2008), a jump in 

density at the threshold implies evidence of some degree of manipulation. Hence, the 

smoothness of the density of the assignment variable can validate the appropriateness of 

RD design. I report the result of McCrary’s test in the validity and robustness check 

section.   

  The second key identification of the fuzzy RD design is a discontinuity in the 

probability of treatment at the cutoff, the first stage assumption. In order to verify the 

assumption, I regress the linear specification 

𝐷 𝜃𝐼 𝑋 0 𝛼 𝛼 𝑋 𝛼 𝑋 𝐼 𝑋 0 𝑊   (3) 

where 𝐷  is a dummy for ALS status, one for AL schools and zero otherwise;  𝑋  and 

𝐼 𝑋 0  are as discussed earlier; 𝜃 is the discontinuity effect of the ALS probability at 

the cutoff; and 𝑊  captures the error terms. Equation (3) allows a different slope for the 

regression function in the neighborhood of the cutoff.  

 Importantly, the third assumption is the exclusion restriction saying that an 

indicator for school being above or below the cutoff only affects outcomes (𝑌 ) through 

the treatment status (𝐷  but not any other channels. I use the same specification in 

equation (3) to prove that there is no evident discontinuity in any pretreatment covariate.   

 Last but not the least, in the case of imperfect compliance, the estimates are 

average causal effects for different populations, depending on whether the samples are 

one-sided or two-sided non-compliance. When the first batch of schools were selected as 

treatment schools in the academic year 2017, it was a one-sided non-compliance case. 
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There were almost no cross-overs but about half of no-shows (Panel A in Figure 2.4). 

Specifically, the probability of ALS status of schools just above the cutoff was 0.065 

while the probability for those just below the cutoff increased to 0.432. Therefore, the 

estimation results for the academic year 2017 are average treatment effects on the treated 

(ATT), i.e. average treatment effects (ATE) for the treatment schools (ALS). When the 

second batch of schools began participating in May 2018 (the beginning of academic year 

2018), it was a two-sided non-compliance case. There were both cross-overs and no-

shows (Panel B in Figure 2.4). The probability of ALS status of schools just above the 

cutoff was 0.3 while the probability for those just below the cutoff increased to 0.62. 

However, it is unlikely that schools below the cutoff that were designated as treatment 

refused to participate in the project but would have participated if they had been above 

the cutoff. As a result, it may be safe to conclude that the monotonicity assumption holds 

in this study, i.e. there were no defiers, and the estimation results for the academic year 

2018 are local average treatment effects (LATE) of the complier (Angrist and Imbens 

1994).  

2.5 Internal Validity and Robustness Checks 

 This section provides evidence ensuring that the key assumptions for RDD hold. 

First, to show that the normalized 2016 O-NET scores were not manipulated, Figure 2.5 

plots the histogram of the scores where the cutoff is zero. The bin width for this histogram 

is five and the lower limit of the first bin is set to minus 40 to ensure that the bins do not 

overlap at the cutoff. The histogram visually reveals neither a discontinuity nor a 

significant jump at the cutoff, thus the densities of the running variable are smooth at the 

cutoff.  
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In addition to the histogram, I also provide in Figure 2.5 the density test suggested 

by McCrary (2008). Even though the null hypothesis of a smooth density at the cutoff 

cannot be rejected at 10 percent significance level, we can see a jump at the cutoff in 

Figure 2.5. Nevertheless, the balance test of the raw 2016 O-NET scores presented in 

Table 2.2 verifies that the scores were not manipulated since there is no significant change 

in scores at the cutoff. In addition, the cutoff was exogenously determined by local 

authorities when they selected schools for the project. When they set the cutoffs, they did 

not look at any specific schools to ensure that certain schools would be included in the 

project. Moreover, schools did not know the exact values of the cutoffs because the 

cutoffs were determined after the 2016 O-NET scores were released. Another concern is 

whether teachers copied the exams and gave hints to their students a day before the tests 

were taken. In the case of Thai national test, the test papers are not distributed beforehand. 

Most of the time students take the tests on the exact same day and no papers can be taken 

out of the examination rooms. NEITS do not reuse the questions; they create new set of 

questions every year. Additionally, teachers are rotated on the examination date and not 

allowed to proctor their students. Lastly, there is no evidence of discontinuities in other 

relevant factors including the number of students, number of teachers, number of 

classrooms, student-teacher ratio, and raw O-NET score in 2016, as numerically shown 

in Table 2.2 and graphically shown in Figure 2.6. Therefore, the treatment and control 

groups did not have any different unique characteristics before the beginning of the 

project. 
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2.6 Estimation Results 

 The main estimation results presented in this session are the effects of ALS Project 

on national test scores pooled across years, grades and subjects; and the effects on 

subsamples pooled either across years and subjects or across grades and subjects. The 

main results, reported in this section, were estimated without test takers weights. The 

effect sizes shown in Figure 2.7, which are generated from Table 2.4, report both linear 

and quadratic estimates of the project on the test scores, where the small solid squares 

indicate the effect estimate and the horizontal lines represent the 95% confidence 

intervals. The first two lines are the total effects, which are the linear, and the quadratic 

effect on the pooled test scores across years, grades and subjects. The next (last) six lines 

are the subsample effects pooled across grades (years) and subjects.  

 The linear and quadratic RD point estimates of the total effects are 0.0121 and -

0.0093 test score standard deviation, respectively. Those estimates for the first subsample 

pooled across grades and subjects in 2017 are 0.0293 and -0.0997 test score standard 

deviation. Those estimates for the subsample pooled across grades and subjects in 2018 

are -0.0074 and 0.0294 test score standard deviation. Those estimates for the subsample 

pooled across grades and subjects in 2019 are -0.0074 and 0.0078 test score standard 

deviation. Those estimates for the subsample pooled across years and subjects in grade 

one are -0.0823 and -0.065 test score standard deviation. Those estimates for the 

subsample pooled across years and subjects in grade three are 0.0344 and 0.0214 test 

score standard deviation. The estimates of the last subsample pooled across years and 

subjects in grade three are 0.0192 and 0.0063 test score standard deviation. All the effect 

sizes are very small. Moreover, most of the 95% confidence intervals reported in Figure 
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2.7 allow us to rule out effect sizes whose absolute values are greater than 0.1 test score 

standard deviation except for grade one and grade 3 subsamples pooled across years and 

subjects. The total effects are small and very similar to those from subsamples. 

In academic year 2017, before the second batch of schools joined the project, the 

first stage regression indicates a significant difference in probability of ALS status 

between the two groups, i.e. group of schools just below and above the cutoff. 

Specifically, the probability for schools just above the cutoff is 0.065, while the 

probability for those just below the cutoff is 0.432. Therefore, analysis of the 2017 

national test scores suggests that the average treatment effects (ATE) for the treatment 

schools are insignificantly different from zero. The linear and quadratic estimations for 

about 50 percent of the schools near the cutoff indicate the effect sizes of 0.0293 and -

0.0045 test score standard deviation, respectively.  

Results of the analysis of the 2018 national test scores suggest that the local 

average treatment effects (LATE) for the complier schools (which account for one-third 

of all samples) are also insignificantly different from zero. The effect sizes of the linear 

and quadratic specification are -0.0074 and 0.0294 test score standard deviation, 

respectively. Similarly, the 2019 national test scores show no significant improvement in 

student performance, with effect sizes of -0.0074 and 0.0078. 

The above results are presented graphically in Figure 2.8. Panel A presents the 

results for the total effects of the ALS Project on the pooled test scores. According to the 

project timeline, the authorities mainly did a baseline survey, one pilot training and the 

first training session near the end of the academic year 2017. The results in panel B are 

reasonable because they suggest no discontinuity in the test scores. In 2018 and 2019, 
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after the second training session and the coaching/monitoring process, there is no clear 

jump at the cutoff (Panels C and D). Panels E, F and G also exhibit no jump at the cutoff. 

In other words, the project did not improve the test scores for grade one, three and six 

students. These graphical presentations of the results confirm that the ALS project did not 

substantially improve student performance as measured by national test scores. 

 In summary, the ALS Project, which is intended to improve student performance, 

has been implemented since the beginning of the academic year 2017. The authorities 

analyzed the problem and developed an intervention, the active learning concept teaching 

model. The first training session was conducted in November 2017, near the end of 

academic year 2017. As expected, we did not find any improvement of student 

performance on 2017 test scores. The second training session was conducted in July 2018, 

at the beginning of academic year 2018, followed by coaching and monitoring activities. 

Similarly, no significant effect was found in the 2018 and 2019 test scores. Schools near 

the cutoff performed very similarly and there was no noticeable jump at the cutoff. The 

RD estimates of test scores are insignificantly different from zero, with the 95 percent 

confidence interval estimates ranging from -0.1 to 0.1 test score standard deviation. I also 

evaluated the effects of the project on student literacy and found no statistically significant 

difference between first and third grade reading and literacy test scores for the treatment 

schools and those for the control schools. Nevertheless, the results in this section only 

explain effects of ALS project on student performance at aggregate level, i.e. at school 

level. It is possible that gain by some students is cancelled out by loss of some others 

within the same schools; therefore, we found null effects at school level. Further study, 

addressing the heterogeneity within school issue, is discussed in section 1.9.   
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2.7 Why was the program not effective? 

One question may arise whether the number of trained teachers is proportional to 

the school size since the project implementation detail can be one of the possible reasons 

for the null effects. In order to answer the question, the ALS trained teacher list, as a piece 

of evidence, shows that even though the number of trained teachers in each school are not 

proportional to the school size, the program was implemented as intended. The original 

plan was to have one teacher from each subject from each participant school participate 

in the training session. According to the name list, the majority of trained schools, about 

95%, have at least 4 teachers who participated in the training sessions as the project was 

designed. Hence, the doubt on whether the training sessions were properly implemented 

is clarified. The name list is a solid evidence to prove that trained teachers are not 

concentrated in a small group of schools since the majority of trained schools got the same 

portion of training slots, where the non-weighted average proportion of trained teachers 

from 196 schools is 24%. Another important information to be clarified is the fraction of 

trained to total teachers; the total number of trained teachers account for only about 16 

percent of the total number of teachers in treatment schools. Ideally, these teachers were 

expected to share the content obtained from the sessions; however, there is no evidence 

regarding the knowledge transfer among teachers.  

There are a few possible explanations, in term of human resources, as to why the 

program have null effects. First, the number of trained teachers is relatively small 

compared to the number of total teachers; therefore, they may struggle to widely transfer 

the knowledge to their colleagues. Second, trained teachers may not successfully apply 

the ALS concept in classes, as a result, the concept did not reach students. Moreover, it 
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could be challenging when each project supervisor was in charge of 3 – 5 schools due to 

the fact that the project has only 65 supervisors but 196 trained schools, if not 350 ALS 

schools.  

 The project design could be one of the hindrances. According to the project 

timeline, the ALS training sessions were held only for three days. The duration of the 

project in-service training was limited, and may not have been sufficient to fully train and 

provide the teachers with a sufficient number of activities. In addition, the training content 

was not provided by subject and none of ready-to-implement teaching plans were given. 

Most tools introduced in the training sessions are graphic organizers. The tools help 

stimulate students’ thinking skills but may not be applicable to a specific subject. 

Moreover, the report on development of teacher training curricula for the ALS project 

(south), prepared by the ALS project supervisors in cooperation with senior and local 

education authorities (2020), addressed the following feedback from trained teachers. 

They suggested that the training sessions should have been held regularly, i.e. once a 

semester before the semester starts, and extended to newly assigned teachers for more 

effective outcomes. In addition, they requested for variety and effective content, practical 

activities and demonstration, and example based guidelines for classroom 

implementation. Lastly, they recommended that the number of project supervisors should 

be proportional to the number of participants to effectively provide advice and acquaint 

teachers with active learning techniques.  

In terms of classroom intervention, there is heterogeneity in implementation 

according to the report (Tanguthaisuk 2020). Project supervisors encouraged teachers in 

a majority of the ALSs to replace top-down lectures with group discussion and activities; 
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ask questions that allow students to think critically, and prepare supporting materials and 

equipment in advance. The supervisors reported that teachers used positive 

reinforcement, allowed knowledge exchange, asked more questions in classes, and 

designed and provided a variety of fun activities. However, small evidence of practical 

and fun activities, observed in a few Active Learning Schools (ALSs), may not be enough 

to inductively conclude that the project led to effective classroom intervention.  

Last but not the least, effects at school level may be net effects of ALS project on 

student performance. It could be that gain from some students is cancelled out by loss 

from others in the same school. In addition, effects may be heterogeneous depending on 

student-to-teacher and supervisor-to-teacher ratios. The project could possibly increase 

performance of students in some schools but negatively affect performance of students in 

other schools. However, the estimates report null effects when all treatment schools, with 

both high and low student-to-teacher and supervisor-to-teacher ratios, are pooled 

together. 

In conclusion, possible explanations for the null effects are described as follows. 

First, the limited duration of in-service training may not sufficiently and effectively 

prepare teachers to comprehend and implement active learning concept in classes. 

Second, trained teachers only accounted for less than one-fourth in each school and there 

was no clear evidence on knowledge transfer among teachers. Third, the content provided 

in the sessions were not specific and did not include ready-to-implement lesson plans; 

therefore, teachers could spend some time to create teaching plans that fit the contents. 

Forth, the intensity of classroom implementation mostly depends on individual teachers 

and I cannot assume specific-to-general conclusion in this context.  Finally, supervisor-
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to-teacher ratio is not large enough to ensure sufficient follow-ups and monitoring. As a 

result, it is difficult to verify whether the active learning concept was in fact implemented 

in treatment schools. 

2.8 Robustness Check 

 As a robustness check, I also estimated the effects of ALS Project in a manner 

similar to that for estimation of the main results; the effects were weighted using the 

number of test takers in each school with robust standard errors clustered at district level . 

The linear and quadratic estimates of the effects of the project on the test scores are 

presented in Figure 2A-1 in Appendix, generated from Table 2A-1; the small solid 

squares indicate the effect estimates and the horizontal lines represent the 95% confidence 

intervals. The first two lines are the total effects, which are the linear and quadratic effects 

on the pooled test scores across years, grades and subjects. The final six lines are the 

subsample effects pooled across grades (years) and subjects.  

 The linear and quadratic RD point estimates of the total effects are 0.027 and 0.005 

test score standard deviations, respectively. The estimates for the first subsample pooled 

across grades and subjects in 2017 are 0.078 and 0.004 test score standard deviations. The 

estimates for the subsample pooled across grades and subjects in 2018 are 0.022 and 0.021 

test score standard deviations. The estimates for the subsample pooled across grades and 

subjects in 2019 are -0.005 and -0.027 test score standard deviations. The estimates for 

the subsample pooled across years and subjects in grade one are -0.035 and 0.133 test 

score standard deviations. The estimates for the subsample pooled across years and 

subjects in grade three are 0.026 and 0.005 test score standard deviations. The estimates 

for the last subsample pooled across years and subjects in grade three are 0.030 and 0.007 
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test score standard deviations. Most of the effect sizes are small, with 95% confidence 

interval between -0.2 and 0.2 test score standard deviations, except for grade one 

subsamples pooled across years and subjects. The effects are small and correspond to the 

main results reported in the previous section.  

Due to the fact that there was very little crossover, and since about half of the 

schools just below the cutoff were no-shows, the analysis of the 2017 test scores suggests 

that the average treatment effects (ATE) for the treatment schools are insignificantly 

different from zero. The linear and quadratic estimations for about 50 percent of the 

schools near the cutoff indicate effect sizes of 0.078 and 0.004 test score standard 

deviations, respectively. Although there were both crossovers and no-shows after the 

second batch of schools began participating in May 2018 (the beginning of academic year 

2018), it is reasonably safe to conclude that the monotonicity assumption holds for this 

study, i.e. there were no defiers, because it is unlikely that schools below the cutoff that 

were designated as treatment refused to participate in the project; rather, they would have 

participated if they had been above the cutoff. As a result, the analysis of the 2018 national 

test scores suggests that the local average treatment effects (LATE) for the complier 

schools (which account for one-third of all samples) are insignificantly different from 

zero. The effect sizes of the linear and quadratic specification are 0.022 and 0.021 test 

score standard deviations, respectively. Similarly, the 2019 national test scores show no 

significant improvement in student performance, with effect sizes of -0.005 and -0.027. 

The above results are presented graphically in Figure 2A-2 in Appendix. Panel A 

presents the results for the total effect of the ALS Project on the pooled test scores. The 

results in panel B, i.e. no discontinuity in test scores, are compatible with the project 
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timeline since the first training was held near the end of academic year 2017. Even after 

the second training session and the completion of the coaching/monitoring process, there 

is no clear jump at the cutoff for 2018 and 2019 test score results, presented in panels C 

and D. Considering student performance by grade, panels E, F and G also exhibit no jump 

at the cutoff. In other words, the project did not improve the test scores for grade one, 

three and six students. These graphical presentations of the results coincide with the 

graphs shown in the estimation result section; this provides further evidence that the ALS 

project did not substantially improve student performance as measured by national test 

scores. 

2.9 Conclusion 

 The ALS project, which was intended to improve academic achievement of 

students in the south of Thailand, has been implemented since April 2017, the beginning 

of the academic year 2017, by Thailand’s Ministry of Education. This study uses grades 

one, three and six national test scores from the National Institute of Educational Testing 

Service (NIETS) during the academic years 2016-2019 to provide evidence of the effect 

of Active Learning School (ALS) Project on student performance in the most southern 

Thailand. Schools with relatively low average test scores were designated as treatment 

schools and those with relatively high average test scores as control schools. I exploit the 

project selection criteria and estimated the effects of the ALS Project by using a fuzzy 

regression discontinuity design. The RD estimates on the test scores pooled across years, 

grades and subjects are consistent with the results estimated from subsamples pooled 

across either subjects and grades or subjects and years. All results suggest that the project 

did not substantially improve student performance as measured by national test scores, 
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since the effect sizes are insignificantly different from zero. Moreover, the 95 percent 

confidence interval allows us to eliminate the effect sizes whose absolute values are 

greater than 0.1 test score standard deviation. Our findings regarding the effects of the 

ALS project on student performance are consistent with those of studies on the effects of 

CL and teacher PD on academic achievement (Jacob and Lefgren 2004; Tan et al. 2007; 

Tracey et al. 2010; Thurston et al. 2019; Demie et al. 2019; Loyalka et al. 2019).   

 The primary limitations of the generalization of these results are limited access to 

and availability of data. The effect estimates in the RDD model are based on accessible 

and available data and might not perfectly represent the effects of the project on the total 

student population in the south of Thailand. However, the available data covers all 

provinces where the project was operated and could be reasonable representations of the 

population. Thus, it is likely that the findings of this study are reliable and valid despite 

the limitations. Moreover, this study only examined the effects at an aggregate level, i.e. 

school level, since specific data on trained teachers and their classes are not available. 

Although the test scores used in this study might not be the best indicator to capture the 

effects of ALS project on student performance, the national test scores guarantee the same 

evaluation standard countrywide. Since there are no other indicators available to be 

assessed and evaluated, the national test scores are the best available data for this study. 

In addition to limitations in terms of data, another limitation regarding the estimation 

approach should be pointed out: the RDD approach only affords an explanation of the 

local average treatment effect (LATE) of the complier schools around the cutoff. 

Therefore, the findings of this study do not explain the effect of the ALS project on non-
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complier schools, i.e. schools that would have participated or not participated regardless 

of their 2016 average performance relative to the cutoff.  

The followings are recommendations for further research work. The null effects 

of ALS project on student performance at school level does not necessarily imply no 

effects since the effects could represent the net gain from different groups of students. 

Therefore, further study could explore the effects of the project on higher moment, for 

example, variance of the test scores within school. In order to statistically provide 

evidence for ineffectiveness, subgroup analysis grouped by share of trained teachers, 

supervisor-to-teacher, and student-to-teacher ratios should be considered.     

  



45 
 

CHAPTER THREE 

Science, Mathematics and Technology Promotion and Student Performance: 

Evidence from Thailand 

3.1 Introduction  

 Many developing countries implement teacher professional development (PD) 

programs, aiming to improve student performance. A growing literature on impacts of 

teacher PD programs on student academic achievement over the past two decades 

provides mixed evidence on large-scale interventions from many countries, ranging from 

successful (Albornoz et al. 2020; Sun and Du 2021; Cilliers et al. 2020) to ineffective 

(Mbiti I 2016; Loyalka et al. 2019; Abbiati et al. 2021; Schaffner et al. 2021; Carneiro et 

al. 2022). Characteristics of effective training include, for example, practical lesson plans 

with supported materials and long-term follow-up and monitoring, while possible causes 

of ineffective interventions include weak accountability and motivation, inadequate 

central-level efforts, and lack of trainer expertise (Popova et al. 2022; Schaffner et al. 

2021).  

This study examines the effect of a teacher professional development program in 

Thailand on student performance as measured by the national test scores of grade six and 

nine students. The program was launched in 2018 by Thailand’s Ministry of Education to 

improve the quality of science, mathematics and technology teaching in sub-provincial 

schools across Thailand. Schools voluntarily applied for and were selected for the project 

based on their readiness and total numbers of students. The project provided online 

learning resources and materials starting in early 2018, followed by a series of online 

training sessions for science, mathematics and technology teachers of participant schools 
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starting in 2020. This study focuses on up to three-year effects of the project using 2015 

– 2017 test scores as pre-treatment scores and 2018 – 2020 test scores as post-treatment 

scores.3  

I employ a difference-in-difference (DID) design to estimate the impacts of the 

project on mathematics and science test scores for grade six and nine students of 1,640 

participant schools in 77 provinces of Thailand. The common trends assumption seems 

to hold during the pre-treatment period for grade six test scores but not for grade nine test 

scores. Impact estimates suggest that the project had, if anything, only a small positive 

effect on grade six test scores. Effect sizes are smaller than 0.05 standard deviation for 

both mathematics and science and the 95% confidence intervals allow us to rule out the 

effect sizes that are greater than 0.07 and 0.05 standard deviation for mathematics and 

science, respectively. Subgroup analyses show that the project appears to have larger 

impacts on test scores of students in high-performance schools but insignificant impacts 

on the scores of those in low-performance schools. The effect sizes of ninth-grade 

students are also small; however, these results are more tentative since the common trends 

assumption seems to fail for grade nine students. The results are robust to estimations 

with or without test taker weights and to the choice of base years.   

These results are in line with Loyalka et al. (2019) and Schaffner et al. (2021) who 

report that at-scale government teacher PD programs had only little or no impact on 

student learning in China and Nepal: effects larger than 0.074 and 0.1 standard deviations 

                                                            
3 The project is ongoing and an additional booster of teacher training and material distribution 
happened during June – August 2021. However, taking the national tests is no longer 
compulsory from academic year 2020, which makes it difficult to evaluate the project because 
of potential sample selection. 
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were ruled out. Some PD programs in developing countries only improve the quality of 

teacher-student interaction; however, they do not translate into higher student 

achievement, or even lower their achievement in some cases (Carneiro et al. 2022; Mbiti 

I. 2016). Another large scale teacher PD for lower secondary math teachers in southern 

Italy had no impact on math achievement of grade six students in the first wave; however, 

they found a significantly positive impact in the second wave (Abbiati et al. 2021). On 

the other hand, some studies in South Africa, Argentina, ad China found significantly 

positive effects of teacher PD program on student performance; however, the effects are 

heterogeneous (Albornoz et al. 2020; Sun and Du 2021; Cilliers et al. 2020). High 

performance and urban students relatively benefit more from the program compared to 

low performance and rural students.  

There are several explanations for ineffective PD program such as weak 

accountability and motivation, inadequate central-level efforts, lack of trainer expertise, 

low training participation rates, and insufficient complementary materials (Popova et al. 

2022; Schaffner et al. 2021). It is possible that the newly implemented program can be 

unfamiliar to both teachers and students, as a result, it could take some time for them to 

open up and adapt to the new pedagogical approach (Abbiati et al. 2021; Carneiro et al. 

2022). In addition to the DID analysis, I conducted an online survey by randomly 

selecting 150 out of 575 SMT schools, then randomly selecting three teachers from the 

lists of trained teachers in each school. I obtained 80 responses from SMT teachers. Based 

on this online survey and some information acquired via telephone interviews, the 

insignificant effects of the Thai SMT project can be explained by the following possible 

reasons. First, SMT teachers have low motivation in implementing the newly trained 
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content in classrooms. Second, the training participation rates were disappointingly low, 

with less than 60% of eligible teachers attending training sessions. Third, the training 

contents do not provide ready-to-implement teaching plans, thus teachers have to spend 

some time designing lesson plans themselves. Forth, even though teachers found some of 

the training content useful and practical, lack of supporting material distribution in the 

beginning of the program became an obstacle for integrating the training into practice. 

Fifth, there is a lack of human resources to monitor and follow-up whether there is real 

implementation in treatment schools after central training was arranged. Finally, it could 

be challenging for teachers to fully apply the new approach via online instruction amid 

the COVID-19 situation since the training contents were not designed for online classes. 

This chapter is organized as follows. Section 3.2 introduces the Science 

Mathematics and Technology Project (IPST) Thailand. Section 3.3 provides the data 

sources and some descriptive statistics. Section 3.4 describes the estimation approach. 

Section 3.5 and Section 3.6 provide estimation results and robustness checks. The survey 

results and possible reasons for ineffectiveness of the intervention are detailed in Section 

3.7. Section 3.8 concludes the research. 

3.2 Background 

Thailand's Ministry of Education has implemented a number of projects to 

strengthen underprivileged schools, to create high potential schools, and to support the 

development of talented students. However, the mid-level schools, which rank between 

underprivileged schools and high potential schools, were not the first priority target group 

of those projects. The mid-level schools, located in every municipality, are the majority 

of schools; more than half of Thai students are under their care, hence there is a need to 
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promote these schools to the qualified school level. The Institution for the Promotion of 

Teaching Science and Technology (IPST) under Thailand's Ministry of Education, 

together with Ministry of Interior, Bangkok Metropolitan and Pattaya City, launched the 

Science Mathematics and Technology (SMT) school project to improve the quality of 

science, mathematics and technology instruction in sub-provincial schools. The 

objectives of the project are to mitigate education inequality, to increase educational 

opportunity, to enhance knowledge and develop skills of SMT teachers and principals, to 

develop students’ analytical, critical and innovative thinking skills, and to create a better 

network for science, mathematics and technology teachers. The ultimate goal is to support 

and help students improve their academic performance and apply their knowledge in real 

life.  

 The SMT project has three phases consisting of school selection, project 

implementation, and annual evaluation.  The selection of 1,640 primary and secondary 

schools included four announcements, where 760 first batch schools were announced in 

December 2017 and July 2018, and 880 second batch schools were announced in May 

2019 and February 2020, respectively (Figure 3.1). IPST provides materials to participant 

schools: curricula manual; textbooks (e-books); teacher manual; instructional media; 

equipment to support science/computer laboratory (not including any construction, 

building upgrade or maintenance, and computer hardware); and academic training for 

principal and teachers. Meanwhile, SMT schools designed school development plan, in 

terms of learning management; computer and science laboratories; teacher network; and 

science, mathematics and technology materials, and report back to IPST.  
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In order to achieve the objectives, IPST introduced a learning process called 

coding, which is aimed at the development of students’ analytical, critical and creative 

thinking skills, as well as reading, writing and problem solving. Teachers’ roles are 

generally thought to be the most important factor in a coding learning system; hence, the 

IPST, in cooperation with the Office of the Basic Education Commission (OBEC), 

developed the online Coding for Teacher (C4T) curriculum to develop teachers' potential 

in terms of both content authoring and teaching techniques. C4T courses are mostly online 

training sessions for SMT teachers. In the early stages, training topics focus on computing 

science; programming (KB-IDE, Micro Python, Python4, and Scratch5); unplugged 1 and 

2 (non-PC courses); data science; and AI for school level 1–4.6 Later in the training series, 

SMT also provides online training for analytical, critical, creative thinking and problem 

solving, mathematics, biology, physics, earth science and astronomy, science and 

technology, design and technology, and summative assessment. Starting in the academic 

year 2018, computing science became a new subject in science curriculum for grade one, 

four, seven, and ten, followed by grade two (three), five (six), eight (nine), and eleven 

(twelve) in academic year 2019 (2020). Computing science aims at computational 

thinking with fundamental knowledge of digital technology and media and information 

                                                            
4 Python Language is an open source computer language, an interpreter computer program, for 
application development in any available platform. 
5 Scratch is a coding community for children. The coding language includes a sample visual 
interface that allows children to create digital stories, games, and animations. It promotes 
computational thinking and problem solving skills, creative teaching and learning, self-
expression and collaboration, and equity in computing. 
6 AI for schools is a four-level Artificial Intelligence (AI) program. The first level, awareness, 
provides basic information of AI and how it is used in our daily lives. The second level, AI 
components and basic concepts, tells about the concept, components of AI and also factors that 
affect AI agent’s decision making. The third level, model, introduces how to use AI with 
computer, ask a computer to identify the categories of input information and then accurately 
forecast quantitative data. Lastly, integration constitutes lessons on how to develop practical AI 
application and use it in our routine activities.  
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literacy to create systematical thinking process, which leads to good problem solving 

abilities in students.  In addition to C4T, there are specific training sessions (SMT 

Principal Training and Coding for School Directors) for SMT school principals and 

directors. Those training sessions have been in place since May 2020, the beginning of 

academic year 2020.  

In addition to the training sessions, IPST also provides online learning resources 

and materials via the IPST learning space and knowledge repository SciMath, which is a 

science, mathematics and technology knowledge library. The SciMath collection of 

widely varied teaching materials include educational videos, photo galleries, articles, 

projects, lessons and lesson plans, online applications, and E-books. All materials can be 

accessed freely except E-books, for which registration and login are required. The content 

is academically correct and consistent with the learning standards set out in Thai academic 

curricula. Teachers can review content or develop their own mastery of both academic 

content and teaching techniques.  

The project timeline in Figure 3.1 shows that the curriculum development and 

supporting materials were available from spring 2018 onwards, while a series of online 

training sessions for science, mathematics and technology teachers of participant schools 

started to be conducted from spring 2020 onwards. The project does not target only a 

specific grade; it treats all grades equally. Thai educational system mainly consists of 

primary schools (grades one through six) and secondary schools (grades seven through 

twelve); however, we also have primary-middle schools (grade one through nine), 

primary-secondary schools (grade one through twelve), and a few high schools (grade 10 

through 12). All schools in Thailand are included in the analysis of this study regardless 



52 
 

of the type of institution they are. The total number of trained teachers was about 6,000 

as of early 2021. During June – August 2021, there was a massive additional online 

training including about 32,000 mathematics and science teachers of SMT schools. 

Unfortunately, we do not have data from 2022 onward since national tests were no longer 

compulsory. Detailed information on training timetable and some training contents can 

be found in Table 3A-1 in Appendix. After the project was implemented, IPST annually 

evaluates the effectiveness of the project for three consecutive academic years starting 

from the academic year 2020, i.e. the first report of academic year 2020 will be done 

during March-May 2021. 

3.3 Data 

3.3.1 Test scores and Science, Mathematics and Technology participant schools. 

The main data analyzed in this study are individual national test scores of grade 

six and nine students from academic year 2015 to 2020 from the National Institute of 

Educational Testing Service (NIETS), Thailand, i.e. the Ordinary National Education 

Test (O-NET) scores. The tests include mathematics and science tests, where the 

descriptive statistics of grade 6 and grade 9 students can be found in Table 3.1 and Table 

3.2, respectively. In order to compare the scores across years, I computed the individual 

standardized scores of the two tests of grade six and nine students. Then, I calculated 

school average standardized scores by subject by year from individual standardized scores 

and created a large panel data of school average standardized scores of the two tests from 

2015 to 2020.  

The participant school lists are from The Institute for the Promotion of Teaching 

Science and Technology (IPST), Thailand. The project involves over 1,600 schools from 
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all provinces of Thailand. Figure 3.2 is the population diagram. Chart A shows that the 

total of about 33,000 schools in 77 provinces of Thailand includes 1,640 treatment schools 

and over 31,000 control schools.  There are approximately 35,000 teachers in treatment 

schools, shown in Chart B. Only about one-sixth of them, roughly 6,000 teachers, 

participated in the online training sessions during April 2020 – March 2021, i.e., academic 

year 2020. Due to data availability, this study covers only about 90% of schools in 

Thailand 7 , about 30,000 schools under Office of the Basic Education Commission 

(OBEC) and about 300 schools under Bangkok affiliation. Students in schools under 

OBEC and Bangkok affiliation are accounted for about 75% of Thai students; therefore, 

test scores analyzed in this study are from the majority of Thai students. As a result, this 

study only explained the effects of the project on performance of students in schools under 

OBEC and Bangkok affiliation; it did not include, if any, the effects of students in schools 

under Office of the Private Education Commission (OPEC), schools under Department 

of Local Administration (DLA), and homeschooling.   

The school selection process was not randomized and one might expect 

participating schools to be better performing even in the absence of any intervention. 

However, the common trend assumption, which says that the unobserved differences 

between the treatment and control groups are constant over time might still hold. There 

are clear differences in average performance between treatment and control groups before 

the intervention and those differences are time invariant (Figure 3.3). Therefore, the 

common trend assumption holds in pre-treatment period. 

                                                            
7 There are about 33,000 schools in Thailand; however, the numbers of schools keep decreasing 
each year due to the shortage of academic professionals, especially in rural areas.  
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In the academic year 2020, there was a change in the national test policy, in which 

the test became voluntary and schools ceased to be in charge of students’ test registration. 

From academic years 2015 – 2019, numbers of schools and test takers were quite constant, 

about 800,000 grade six students and 700,000 nine grade students. Numbers of schools 

registering for the test may vary due to their current 6th- and 9th-grade students. However, 

number of schools decreased dramatically, about 18%, in academic year 2020 according 

to the policy change.8 As a result, only students who were willing to take the exams 

registered for the test. I will address the policy change issue and deal with the sample 

selection in the robustness check section. 

3.3.2 Survey Data 

In addition to the DID analysis, I conducted an online survey, during October – 

November 2021, to assess whether or not the project was effectively implemented as 

planned. The survey data were collected from 80 SMT teachers, 22 responses via contact 

persons and 58 responses from official letter invitation. The list of names of teachers who 

received the letters was selected randomly from the list of names of teachers who were 

eligible for the training sessions. The list included 6,195 teachers from 575 schools. This 

survey randomly selected 150 schools from the list, then randomly selected 3 teachers 

from each school. The letters were finally distributed to 397 teachers9 from 150 schools 

in 57 provinces; however, only 58 teachers from 52 schools in 35 provinces responded. 

The survey respondents consist of 31% male teachers and 69% female teachers, these 

                                                            
8 Prior to academic year 2020, schools were in charge of O-NET application of their students, 
i.e. schools needed to submit grade six and nine student name list to NIETS as for O-NET 
registration. From academic year 2020 onward, students apply for the test by themselves.  
9 There are some schools with less than 3 eligible teachers in the name list. 
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numbers are compatible with the total number of Thai education professionals, i.e. 34% 

and 66% male and female professionals, respectively. The average participation rate from 

the survey data is about 57%: the participation rate of 22 teachers from contact persons is 

50%, 10 participants and 12 non-participants, while the participation rate of 58 teachers 

from the invitation letters is about 62%, 36 participants and 22 non-participants. Teachers 

who answered the survey are in charge of all subjects related to the project, i.e. 

mathematics; science; and technology. The average age of respondents is 38.59 years. 

3.4 Estimation Approach 

3.4.1 Difference-in-difference design for overall and subgroup analysis 

I employ a difference-in-difference (DID) design to estimate the impacts of the 

project on mathematics and science test scores for grade six and nine students of 1,640 

participant schools in 77 provinces of Thailand. In order to estimate the causal effect of 

the SMT project on student performance I use the following equation: 

    𝑇𝑆 𝛼 𝛼 𝑆𝑀𝑇 ∑ 𝛽 𝑡 ∑ 𝛿 𝑆𝑀𝑇 𝑡 𝜀                (1) 

where 𝑇𝑆  denotes an average test score of school s in academic year t; 𝑆𝑀𝑇  is a dummy 

for treatment variable, one for treatment schools and zero otherwise;  𝑡 is a set of dummy 

variables for academic year 2016 – 2020, one if the test scores were taken in that academic 

year and zero otherwise (i.e. 2016 is a dummy for academic year 2016, etc.); 𝑆𝑀𝑇 𝑡 is a 

set of interaction terms between treatment and academic year dummies; 𝛼  represents the 

average test score of control group in a base year which is academic year 2015 in this 

study; 𝛼  implies how better or worse the performance of the treatment group is when 

compared to the control group in the base year; 𝛿  are coefficients which indicate whether 
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the common trends assumption held in 2017 and 2018, and whether there are effects of 

the SMT Project on test scores in the academic years 2018, 2019 and 2020. 𝜀  captures 

the influence of unobserved determinants of test scores. 

I use OLS regressions with weights equal to the number of test takers in each 

school and cluster standard errors at school level to estimate the effects of the SMT project 

on school level test scores for all estimates except for unweighted estimates (section 

2.6.1). The estimates were produced separately by subject, i.e. mathematics and science, 

and grade, i.e. grade six and nine.  

The SMT school project targets mathematics, science and technology, thus it is 

reasonable to compare the effect of the project between groups of schools with high and 

low science and mathematics performance. As a result, I created subgroup using the 

national test scores prior to the implementation of the project, i.e. academic years 2015-

2017, as a proxy of their students’ performance. High (low) performance schools are 

schools with average mathematics or science scores above (below) national average for 3 

consecutive years.10 For grade six schools, the total of 22,143 schools consist of 7,273 

(6,248) low performance schools, 5,112 (5,058) high performance schools and 9,758 

(10,837) inconsistent schools when grouped by mathematics (science) scores. For grade 

nine schools, the total of 7,517 schools consist of 2,741 (2,395) low performance schools, 

1,410 (1,557) high performance schools, and 3,366 (3,565) inconsistent schools when 

grouped by mathematics (science) score. I ran regression using equation (1) on 

mathematics and science test scores separately for all subgroups in both grades. As a 

                                                            
10 Schools with inconsistent performance, i.e. fall into high performance in 2015 but low 
performance in 2016 and 2017, were dropped out of the sample. 
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result, the estimates presented the impacts of the project on the following four subgroups 

of schools: high mathematics performance, low mathematics performance, high science 

performance, low science performance.  

As a robustness check, I also estimate equation (1) without test taker weights. In 

addition, I check whether the estimates are robust when I use different base years, i.e. 

2016 and 2017 instead of 2015 in the main results. I also provide heterogeneity check by 

estimating the following equation (2) so as to do joint hypothesis test of coefficients 

between 𝛽  𝑎𝑛𝑑 𝛿 , to statistically test whether the effects on performance of students in 

top and bottom SMT schools are significantly different.  

                𝑇𝑆 𝛼 𝑇𝑀 𝛼 𝑆𝑀𝑇 𝑇𝑀 ∑ 𝛾 𝑇𝑀 𝑡 ∑ 𝛽 𝑆𝑀𝑇 𝑇𝑀 𝑡  

                           𝜃 𝐵𝑀 𝜃 𝑆𝑀𝑇 𝐵𝑀 ∑ 𝜌 𝐵𝑀 𝑡 ∑ 𝛿 𝑆𝑀𝑇 𝐵𝑀 𝑡 𝜀        (2)         

where 𝑇𝑀  is a dummy for top mathematics performance schools, one for schools with 

school avarage mathematics scores above national average test scores for academic year 

2015 – 2017 and zero otherwise; 𝐵𝑀  is a dummy for bottom mathematics performance 

schools, one for schools with school avarage mathematics scores below national average 

test scores for academic years 2015 – 2017 and zero otherwise; 𝑆𝑀𝑇  is a dummy for 

treatment variable, one for treatment schools and zero otherwise;  𝑡 is a set of dummy 

variables for academic years 2016 – 2020, one if the test scores were taken in that 

academic year and zero otherwise. 
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3.4.2 Lee Bounds 

There was a change in the national test policy in academic year 2020 where the 

test became voluntary for students; therefore, the numbers of schools registering for the 

test fell sharply by about 18%. Only students who were willing to take the exams 

registered for the test. As a result, this brought in different participation rates between 

treatment and control groups and raised a sample selection issue in academic year 2020. 

In the presense of nonrandom sample selection, Lee (2009) proposed a bounds estimator 

to determine an interval for the true value of the treatment effect. The estimator requires 

two assumptions which are random assignment of treatment and monotonicity. The 

bounds estimator trims observations either in treatment or in control group so as to get 

the equal share of obsevations for both groups. Therefore, the trimming process 

corresponds to two extreme assumptions about missing information, i.e either trim the 

bottom or trim the top. In this study, the practical estimates for the bounds, stemmed from 

Tauchman H. (2014), are computed as follows. 

𝑞  
∑ 1 𝑆𝑀𝑇 1, 𝑆 1

∑ 1 𝑆𝑀𝑇 1
 

𝑞  
∑ 1 𝑆𝑀𝑇 0, 𝑆 1

∑ 1 𝑆𝑀𝑇 0
 

Let 𝑌  denote student test score, 𝑆𝑀𝑇  is a binary treatment indicator with 𝑆𝑀𝑇 =1 for 

treatment group, 𝑆  is a binary selection indicator with 𝑆 =1 when student test score can 

be observed, and 1 ⋅  denotes the indicator function. Therefore, 𝑞  represents the 

participation rate of the treatment group, and 𝑞  represents the participation rate of the 

control group. In this study, participant rates of treatment and control groups are 83% and 
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80%, respectively. Therefore, the trimming proportion in a case where participation rate 

of treatment group is higher than participation rate of control group, 𝑞 𝑞 , can be 

calculated as follows. 

𝑞  
𝑞 𝑞

𝑞
 

Here, 𝑞 and 1 𝑞 determine the position at which student test scores in the treatment 

group are trimmed from the bottom and the top of the distribution. Therefore, 𝑦  and 

𝑦  are bottom and top marginal values of test scores at the trimming points, where 𝐺  

denotes an inverse distribution of student test scores. 

𝑦 𝐺 | , 𝑞  

𝑦 𝐺 | , 1 𝑞  

The upper and lowwer bounds can be calculated using 𝑦  and 𝑦  as follows. 

𝜃
∑ 𝑙 𝑇 1, 𝑆 1, 𝑌 𝑦 𝑌
∑ 𝑙 𝑇 1, 𝑆 1, 𝑌 𝑦

∑ 𝑙 𝑇 0, 𝑆 1 𝑌
∑ 𝑙 𝑇 0, 𝑆 1

 

𝜃
∑ 𝑙 𝑇 1, 𝑆 1, 𝑌 𝑦 𝑌
∑ 𝑙 𝑇 1, 𝑆 1, 𝑌 𝑦

∑ 𝑙 𝑇 0, 𝑆 1 𝑌
∑ 𝑙 𝑇 0, 𝑆 1
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3.5 Main Results 

3.5.1 Overall  

Average test scores at school level grouped by treatment status were reported in 

Figure 3A-2 in Appendix, where open (solid) dots represent average scores of control 

(treatment) group. For both grade six and nine test scores, there are clear differences in 

average performance between treatment and control groups, better performance from 

students in treatment group. Those differences in grade six test scores are time invariant 

before the intervention and the gaps were slightly larger after the intervention.  In other 

words, the common trend assumption holds in pre-treatment period (Table 3.3) and there 

were small improvements in their performance after the intervention. The average test 

score gaps of grade nine students fluctuated during 2015 – 2020; hence, both the common 

trend assumption (Table 3.4) and the impact of the project might be inconclusive.  

 The main results in this session are the effects of SMT project on national test 

scores, i.e. mathematics and science scores, of grade six and nine students. The results 

estimated using Difference-in-Difference (DID), with test taker weights and standard 

errors clustered at school level, present the effects from the beginning of the project to 

April 2021. In Figure 3.411, each dot represents a coefficient of an interaction term 

between a treatment school dummy (SMT) and an academic year dummy (2016 – 2020) 

while the horizontal lines represent 95% confidence intervals. According to the project 

timeline shown in Figure 3.1 (Section 2), the implementation of the project has started in 

academic year 2018; therefore, O-NET scores of academic years 2016 – 2017 (2018 – 

2020) are pre- (post-) treatment outcomes. The coefficients of interaction terms between 

                                                            
11 Figure 2.4 is generated using the results from column (1) in Table 3.5, 3.6, 3.11, and 3.12. 
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SMT and post treatment academic years, i.e. 2018, 2019 and 2020, represent the first, the 

second, and the third year effects of teacher professional development program on 

mathematics and science performance of grade six and nine students. The results suggest 

that the project does not significantly improve student performance as measured by 

national test scores. 

As shown in Panel A and B of Figure 3.4, the project contributes to less than 0.05 

standard deviation improvement in both mathematics and science performance of grade 

six students. Specifically, the project increases mathematics performance of grade six 

students by 0.043, 0.011, and 0.027 standard deviation, on average, after one, two, and 

three-year implementation, respectively. The project’s impacts on science performance 

of grade six students are -0.009, 0.024, and 0.016 standard deviation, on average, at the 

end of the first, second, and third year of the project. It is highly likely that the common 

trend assumption, implied by the first two lines, holds for both mathematics and science; 

therefore, the estimated results are promising. I can rule out the effect sizes that are greater 

than 0.07 (0.05) standard deviation for mathematics (science) performance of grade six 

students.   

The estimates for grade nine students, presented in Panel C and D of Figure 3.4, 

suggest that the project either has null or negative effects on science performance of grade 

nine students after the first and the second year implementation. The project seems to 

positively affect their science performance after the project has been implemented for 

three years; however, effect sizes for academic year 2020 are not greater than 0.05 

standard deviation.  Unfortunately, according to the first two lines of the graph, the 

average test score differences between treatment and control groups are not constant. In 

other words, the common trend assumption does not hold for grade nine test scores. As a 
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result, the estimates could not explain much about the effect of the project on the 

mathematics and science performance of grade nine students. 

3.5.2 High vs Low performance schools 

 In this subsection, I will assess whether high performance schools benefited more 

from the PD program compared to low performance schools. To be consistent with the 

main results, subgroup analysis results presented in this section use the Difference-in-

Difference (DID) estimates with test taker weights and cluster standard errors at school 

level. Figure 3.5 presents the effects of the project on mathematics and science scores of 

students in high and low performance schools grouped by pre-treatment science scores. 

Effects on mathematics of students in top and bottom science schools are shown in Panel 

A and Panel C, while effects on science performance of students in top and bottom science 

schools are shown in Panel B and Panel D. The graphs show that the project significantly 

improves both mathematics and science performance of grade six students in high 

performance schools, Panel A and Panel B. On the contrary, the project fails to improve 

both mathematics and science performance of students in low performance schools, Panel 

C and Panel D. For grade nine students, it seems that the project takes three years to show 

the impacts on their mathematics and science performance. 

The effects on both mathematics and science scores of grade six students in top 

performance schools are mostly greater than 0.1 standard deviation, except for science 

scores of these students in academic year 2018. Specifically, the effect sizes on 

mathematics (science) scores in academic years 2018, 2019 and 2020 are 0.119 (0.075), 

0.105 (0.123), and 0.136 (0.119) standard deviation, respectively. Similar to the main 

results, the first two lines of Panel B imply that the common trend assumption hold for 
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top science schools. As a result, it is convincing that the project significantly improves 

science performance of grade six students in top science schools. On the flip side, the 

project seems to have insignificant effects, relatively close to zero, on both mathematics 

and science performance of grade six students in low performance schools. The project 

effects on mathematics (science) performance of grade six students in bottom science 

schools are 0.021 (-0.001), 0.011 (0.006), and 0.004 (0.019) standard deviation, 

respectively. The results support recent findings where high performance and urban 

students benefit relatively more from the program compared to low performance and rural 

students (Albornoz et al. 2020; Sun and Du 2021; Cilliers et al. 2020). 

The project’s impacts on science performance of grade nine students are different 

from those of grade six students. The impacts of the project in the academic years 2018 

and 2019 are not as obvious as those in the academic year 2020, the project took relatively 

longer to make impacts on performance of grade nine students. In contrast to the main 

results, the common trend assumption can be assumed in the scores of 9th-grade students. 

As a result, it is compelling that the project has significantly positive impacts on 

mathematics and science performance of students in top performance schools after three 

years. However, the impacts are not as large as those on grade six students. For the 

academic year 2020, the effects on mathematics and science performance are both 0.06 

standard deviation. Similar to grade six results, the project has null or even negative 

effects on science performance of grade nine students in low performance schools.  

 Similar results of subgroup analysis on mathematics and science scores of grade 

six and nine students in high and low performance schools, grouped by pre-treatment 
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mathematics scores, i.e. academic years 2015 – 2017, are discussed in robustness check 

section (Figure 3.6 and Figure 3A-4). 

3.6 Robustness Check 

3.6.1 Unweighted estimates 

 Similar results without test taker weights obtained from DID estimation are 

presented in Figure 3A-1 in Appendix. The project improves mathematics (science) 

performance of grade six students by 0.049 (0.02), 0.021 (0.036), and 0.06 (0.038) 

standard deviation in academic year 2018, 2019, and 2020, respectively. The impacts on 

mathematics (science) performance that are greater than 0.1 (0.08) standard deviation can 

be ruled out. The differences in average test scores grouped by treatment status, shown in 

Figure 3A-3 in Appendix, are much smaller, especially those of grade six students, when 

I take average without test taker weights. The common trend assumption can be assumed 

according to the graphs; as a result, it is convincing to say that the results are robust.  

3.6.2 High vs Low Performance Schools 

This subsection reports results from two different subgroups to check whether the 

results in subsection 5.2 are robust when the schools were grouped by pre-treatment 

mathematics scores instead of science scores. Results for grade six students shown in 

Figure 3.6 suggest that the project successfully improves mathematics and science scores 

of students in top performance schools grouped by mathematics score; it, however, fails 

to improve the scores of students in bottom performance schools. To be more accurate, 

the project significantly increases mathematics scores of students in top mathematics 

schools by at least 0.1 standard deviation (Panel A), since the first year of the 

implementation, while it increases their science scores only by 0.01 – 0.12 standard 
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deviation (Panel B). Conversely, the project has null or even slightly negative impacts on 

both mathematics and science performance of students in bottom performance schools 

(Panel C and Panel D). These results are consistent with those reported in subsection 5.2. 

As a result, it is convincing to conclude that the project significantly improves academic 

performance of grade six students in top performance schools while it yields either no or 

slightly negative impacts on academic performance of grade six students in bottom 

performance schools.  

Results on test scores of grade nine students, shown in Figure 3A-4 in Appendix, 

are compatible with those of grade nine students reported in Figure 3.7 in subsection 5.2, 

with only a small difference in their effect sizes. The project does not significantly affect 

academic performance of grade nine students both in top and bottom performance 

schools. 

3.6.3 Change of base year 

 One common issue that should be considered is whether using different base years 

alters the results; therefore, I run the same regression with test take weight average using 

different base years. The project impacts on mathematics and science performance of 

grade six and nine students, using academic year 2016 and 2017 as base line, are discussed 

as follows. Focusing on base year 2016, Figure 3.8 presents overall effects on 

mathematics and science performance of students in both grades. The results are very 

similar to those results reported in subsection 5.1. Overall, the project has small impacts 

on performance of grade six students, the effects that are greater than 0.08 standard 

deviation can be ruled out (Panel A and Panel B in Figure 3.8). The impacts on 

performance of grade nine students cannot be concluded since the common trend 
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assumption cannot be assumed (Panel C and Panel B in Figure 3.8). Figure 3A-5, in 

Appendix, demonstrates the robustness of the results when using academic year 2017 as 

base line. 

The heterogeneity of project impacts on grade six students in top and bottom 

science schools is reported in Figure 3A-5.  Students in top science schools significantly 

benefit from the project, their performance is, on average, 0.1 standard deviation higher 

both in mathematics and science scores when compared to students in control schools 

(Panel A and Panel B in Figure 3A-5). On the other hand, the project has null effects on 

mathematics and science performance of grade six students in bottom science schools 

(Panel C and Panel D in Figure 3A-5). Similar results using academic year 2017 as base 

line are shown in Figure 3A-6 in Appendix.  

  The effects of SMT project on performance of grade nine students in top and 

bottom science schools, using academic year 2016 and 2017 as base line, are presented 

in Appendix (Figure 3A-7 and Figure 3A-8). Regardless of group the school students are 

in, the project does not significantly boost either their mathematics or their science 

performance. Specifically, students in top science schools benefit slightly, about 0.07 

standard deviation, in academic year 2020, which is the third year of the implementation. 

Students in bottom science schools obviously has no gain from the implementation.  

 The effects afterwards are robust even with a different base line. To conclude, the 

project positively affects performance of grade six students; however, it does not 

significantly improve performance of grade nine students. The impacts on grade six 

students in top and bottom science schools are heterogeneous, students in top science 
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schools successfully increase their mathematics and science scores while students in 

bottom science schools fail to improve their performance.  

3.6.4 Lee bounds 

 The national test policy change in academic year 2020 stated that tests have 

become voluntary for Thai students, including grade six and nine students. As a result, 

number of schools and students participating the test dropped significantly in the 

academic year 2020 – the tests were taken around March 2021. The policy change 

affected the test participation rates 12  directly; overall participation rate of grade six 

students13 decreases by 18%, on average. The average participation rates of students in 

treatment and control groups are 83% and 80%, respectively. To deal with sample 

selection problem, we can assume two extreme assumptions – bottom or top performance 

students did not participate in the 2020 national tests – and correspondingly trim either 

bottom or top performance students in treatment group by the number, 𝑞

𝑞 𝑞 𝑞⁄ , suggested by Lee (2009) and Tauchmann H. (2014). 

  In this study, by using the participation rates from the two groups, the suggested 

number, 𝑞, becomes 3.65%. We can assume that additional 3.65% of examinees in the 

treatment group are either the weakest or the strongest students, and trim 3.65% of 

students in either the bottom or the top of the distribution at individual level. Under those 

circumstances, the DID estimates for the academic year 2020 explain the effects of the 

project as if treatment and control groups are subjected to the same participant ratio.  The 

                                                            
12 Ratios of grade six test takers to grade six students. 
13 Lee Bounds in this study focuses on analysis of grade six students because the project had 
impacts on performance of grade six students but null effects on performance of grade nine 
students.  
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results, shown in Figure 3.10, compare the two new estimates to the original estimate of 

academic year 2020. The first line in each panel represents the original estimate where 

test scores of neither top nor bottom performance students in treatment group were 

dropped from the sample. The second (third) line in each panel represents the new 

estimate where test scores of students in top (bottom) of the distribution were dropped 

from the sample. Specifically, the trimming processes were done separately by subject, 

for example, Bottom Math (or BM) is a trimmed sample where mathematics scores of 

students in the lowest 3.65% of the distribution were dropped from the sample, and Top 

Science (or TS) is a trimmed sample where science scores of students in the highest 3.65% 

of the distribution were dropped from the sample. 

The results, before and after test scores were trimmed, are heterogeneous.  In 

general, dropping test scores of the weakest students, i.e. trimming the scores of students 

in the lowest 3.65% of the distribution, in treatment group strengthens the impact of SMT 

project on student performance. On the contrary, dropping test scores of the strongest 

students, i.e. trimming the scores of students in the highest 3.65% of the distribution, in 

the treatment group generally reverts the impact of the project on student performance. 

For example, the project improved student’s mathematics performance slightly by less 

than 0.05 standard deviation in Panel A in the original result, without trimming. In 

comparison, the project boosted their performance significantly, over 0.1 standard 

deviation, when mathematics scores of students in the bottom of the distribution were 

trimmed. However, it worsens their performance, by at least 0.1 standard deviation, when 

the scores of students in the top of the distribution were trimmed. Similar effects are found 

in overall mathematics, overall science, mathematics of top science schools, and science 

of top science schools. Results from bottom science schools are slightly incompatible, 
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especially when test scores of students in the top of the distribution were trimmed. Even 

though mathematics/science scores of students in the top of the distribution were dropped 

from the sample, the project did not negatively affect students’ performance, i.e. the 

results are consistent with original results, without trimming.  

3.7 Why was the project not more successful? 

 The SMT project only slightly improved performance of grade six students if at 

all, with the possible exception of students from top performance schools. According to 

Schaffner et al. (2021), at-scale government teacher training in Nepal had little or no 

impact on student learning due to the following factors: training session and central-level 

efforts, disappointingly low participation rates, weak accountability and motivation, 

deficit in post-training support, and weakness in teachers’ and students’ knowledge. In 

order to gather informative evidence from SMT participants, the online survey was 

conducted from 80 SMT teachers in 35 provinces during October – November 2021.  In 

this section, I will discuss those issues in context of SMT project. 

  The training sessions, first of all, have been conducted since spring 2020 where 

lists of training courses were available for registration. Nevertheless, most of the training 

sessions were held online amid the Covid-19 pandemic and a series of online sessions, 

during May 2020 – February 2021, only included about 6,000 teachers from treatment 

schools. Cooperation among central educational institutes aimed to provide great impacts 

through the sessions; however, it is questionable whether a series of sessions with a limit 

of about 6,000 teachers is effectively extensive. Moreover, the majority, about 83%, of 

the participants reported that they attended online sessions with top-down lecture method, 

which is mostly one-way communication. The communication does not generously allow 
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participants to raise questions during the sessions; therefore, it is up to them to research 

and clarify their inquiries themselves. Only about 20 – 30% of the participants 

experienced group discussion and group activities during the sessions.   

Secondly, according to the survey, the average participation rate of the eligible 

SMT teachers is only about 60% while the ideal participation rate should be 100%. 

Participants revealed that they only attended either one training session, 70% of them, or 

two training sessions, 30% of them. The majority of participants attended the training 

sessions during May – August 2020, with 14 training hours, on average. This brings in 

another question- whether an average of 14 training hours adequately and significantly 

enhances teachers’ knowledge and skills.    

 Speaking of accountability and motivation, SMT teachers may not be satisfyingly 

responsible for and enthusiastic about the newly introduced contents. Although about 

76% of participants said the contents were applicable and were adapted accordingly, 

about 72% of them revealed that implementing SMT contents in schools was an 

obligation, depending on each school policy. As a result, about half of the participants did 

not have any incentive to apply the new contents in classes even though some of them 

would apply the content expecting academic and salary promotion. The major hindrances 

are not only motivation issues but also heterogeneity in applying the contents at school 

level, i.e. some schools applied the contents in all classrooms while the others only 

applied in a small number of classrooms in specific grades. After the online session, 

participants were asked to do and submit some specific assignments given by the 

lecturers; however, we do not have information regarding the assignments. 
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Accountability and motivation issues in Nepal’s project also seem to have developed in 

the Thai SMT project. 

 In addition to the above three factors, insufficient materials and support are 

problems in SMT project as reported in the survey: 54% of trained teachers received 

training materials; only 11% of them received teaching materials; only 28% of them 

received laboratory equipment; and no other supporting materials were provided. 

Moreover, contents provided in the sessions do not supplement ready-to-implement 

teaching plans. SMT teachers would take some time designing their lesson plans before 

they can apply the new contents to the classes. 

 Last but not the least, the group of SMT authorities who take care of the project 

is relatively small compared to the size of the project. As a result, monitoring and follow-

up process can be a challenge both before and after the Covid-19 outbreak. Tracking real 

implementation in SMT schools can; therefore, become problematic. 

3.8 Conclusion 

In 2018, the Institution for the Promotion of Teaching Science and Technology 

(IPST) together with Thai educational organizations provided supporting materials and a 

series of training sessions to improve quality of science, mathematics, and technology 

taught in SMT schools. The ultimate goals of the project were to create a better 

understanding in the subjects and to boost student performance. This study aims to 

evaluate the effects of the Science, Mathematics and Technology (SMT) school project 

on student performance as measured by national test scores. Science and mathematics 

scores of grade six and nine students, from the National Institute of Educational Testing 

Service (NIETS) during academic years 2015 – 2020 were used to compare performance 
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of students in SMT and non-SMT schools. I adopted difference-in-difference design to 

estimate the effects of the project on students’ test scores.  

  The overall and subgroup estimates suggest that the SMT project only improved 

science and mathematics scores of grade six students in the top performance schools by 

0.1 standard deviation, on an average. Students in grade nine or in the bottom performance 

schools did not benefit much from the project. These estimates are robust to change of 

base lines; only grade six students in top performance schools benefited from the project. 

A sample selection issue arose in 2020 due to the policy change in national test, i.e. the 

test was no longer compulsory. I used the method suggested by Lee (2009) and 

Tauchmann H. (2014) to obtain DID estimates for academic year 2020 when treatment 

and control groups were subjected to the same participating ratio; however, the last year 

effects were not very informative. The effects from at-scale teacher PD intervention in 

Thailand on student performance are similar to other at-scale projects in China, Nepal, 

and Ecuador (Loyalka, et al. 2019, Sun and Du 2021, Schaffner, et al. 2021, Carneiro, et 

al. 2022).  

 This study conducted, apart from quantitative evidence, an online survey to gather 

information from SMT teachers who participated in training session(s). The survey 

revealed a few possible explanations why the project was not more effective, for instance, 

informative but one-way communication training sessions; unexpectedly low 

participation rate; weak motivation and accountability; inadequate material distribution; 

insufficient supports and follow-ups. The insufficiency might be due to the fact that a 

group of SMT authorities who take care of the project is relatively small compared to the 

size of the project. The problems in policy design, which arose in SMT project, are not 
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unique; these issues also happened in projects in African and South Asian countries 

(Schaffner, et al. 2021, Popova, et al. 2022). In order to fill the voids and develop more 

effective policies, policymakers may consider the issues mentioned above. 

 This study has some limitations due to data availability. First of all, this study only 

explained the effects of the program on performance of students in schools under Office 

of the Basic Education Commission (OBEC) and Bangkok affiliation. In other words, it 

did not include effects on performance of student in schools under Office of the Private 

Education Commission (OPEC). In addition, this study only presents the effects up to 

three years, from academic years 2018 to 2020, even though this is an ongoing project 

with a continuous series of training sessions. Lastly, the results in this study only explains 

effects of SMT project on student performance at aggregate level, i.e. at school level. It 

is possible that the null effects at school level are net effects in which gain by some 

students is cancelled out by loss of some others within the same schools. Therefore, 

further study may explore effects of SMT project on higher moments to confirm that the 

project has no effect, or only little effect if any, on student performance assessed at school 

level.  
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CHAPTER FOUR 

Conclusion and Policy Implications 

4.1 Conclusion 

In 2017 and 2018, ALS and SMT projects have been implemented by Thailand’s 

Ministry of Education, to improve academic achievement of students. The projects 

combine concepts of cooperative learning and teacher professional development, two 

popular academic interventions. This study evaluates the effects of the projects on student 

performance as measured by national test scores. The effects, estimated using a fuzzy 

regression discontinuity design (for ALS project) and difference-in-difference (for SMT 

project), suggest that overall, the projects did not substantially improve student 

performance when considering the effects at school level. Our findings regarding the 

effects of large scale academic intervention in Southeast Asia are consistent with studies 

conducted by, for example, Loyalka et al. (2019) and Thurston et al. (2019). However, 

the SMT project improved science and mathematics scores of grade six students in the 

top performance schools by 0.1 standard deviation, on an average.  

In addition to quantitative evidence, this study conducted an online survey to 

gather information from SMT teachers who participated in training session(s). The survey 

revealed a few possible explanations why the project was not more effective, for instance, 

informative but one-way communication training sessions; unexpectedly low 

participation rate; weak motivation and accountability; inadequate material distribution; 

insufficient support and follow-ups. The problems in policy design, which arose in the 

SMT project, are not unique; these issues also existed in projects in African and South 

Asian countries (Schaffner, et al. 2021, Popova, et al. 2022).  
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4.2 Policy Implications 

The findings in this study contribute some useful policy implications to 

policymakers and project implementers, including teachers, supervisors, and education 

professionals. In order to fill the voids and develop more effective policies, policymakers 

may consider the following details for future policy designs. Firstly, it might be helpful 

to include more practical lessons and ready-to-implement teaching plans in in-service 

training sessions, as the lessons and the plans could facilitate teachers’ classroom 

implementation. Secondly, project supervisors may want to consider whether the number 

of trained teachers in each school should be proportional to the school size. When the 

number of teachers is relatively small compared to the number of total teachers in the 

same school, trained teachers may struggle to effectively transfer the knowledge to their 

colleagues. Another important factor is the duration of in-service training which can be 

one of the most challenging questions to be answered. Duration and frequency of training 

sessions might be limited and subjected to resources allocation both in terms of budget 

and human resources; nevertheless, the duration and frequency could strongly determine 

the effectiveness of the implementation.  

 In addition to the project design, the online survey reveals that the actual 

participation rate of eligible teachers from treatment schools (60%) is far less than the 

ideal participation rate (100%). The difference between a list of registration and a list of 

participation could be another important issue that prevents the success of the projects. 

Last but not the least, weak accountability and motivation diminish the training quality; 

and should therefore be prioritized and taken into consideration. 
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4.3 Limitation and future research 

This study has some limitations due to data availability. First of all, this study only 

explained the effects of the program on performance of students in schools under Office 

of the Basic Education Commission (OBEC) and Bangkok affiliation. Moreover, this 

study only examined the effects at an aggregate level, i.e. school level, since specific data 

on trained teachers and their classes are not available. The null effects of the projects at 

school level do not necessarily imply no effects since the effects could represent the net 

effects in which gain by some students is cancelled out by loss of some others within the 

same schools. Lastly, other scores and/or indicators are not available to be accessed and 

evaluated except the national test scores, which guarantee the same evaluation standard 

countrywide. The scores used in this study are the best available option, yet they might 

not be the perfect indicator to capture effects of the projects on student performance.  

 The followings are recommendations for future research work. Firstly, the effects 

of the projects on higher moments, for example, variance of the test scores, should be 

examined in order to conclude that the projects had null effects on student performance 

at school level. To statistically provide evidence for ineffectiveness, share of trained 

teachers, supervisor-to-teacher, and student-to-teacher ratios should be taken into 

consideration. Alternatively, subgroup analysis, grouped by variables mentioned earlier, 

should be examined.  
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Table 2. 1: Training Session Timetable 
Day 1          Day 2   Day 3 
Registration, Orientation    Active Learning Concept Design Teaching Plan 
Pre-test, King’s Philosophy     Graphic Organizers  Academic Assessment 
Brain Development     Design Teaching Plan Post-test 
Active Learning Concept 
Source: the report on development of teacher training curricula for the ALS project (south) 

 

 
Table 2. 2: The Balance Test 

 Constant Discontinuity
 estimate estimate 
Number of teachers 11.69*** 

(0.769) 
-0.496 
(1.170) 

Number of students 206.9*** 
(18.21) 

-27.72 
(29.28) 

Number of classrooms 10.06*** 
(0.423) 

-0.751 
(0.743) 

Student-teacher ratio 17.23*** 
(0.781) 

-0.731 
(0.661) 

Raw O-NET score 29.10*** 
(0.576) 

0.0254 
(0.253) 

Note: Linear OLS estimations of 2016 covariates following  
specification in equation (3) shown in estimation approach.  
Standard errors in parentheses are clustered at district level  
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 2. 3: Descriptive Statistics 

  
Variables 

Control Treatment 
 Mean Std. Dev. Obs. Mean Std. Dev. Obs. 
Grade 1        
2018 Speaking 50.731 29.229 20533 43.113 27.437 3395
 Reading 63.797 20.211 20533 58.894 20.717 3395
2019 Speaking 50.398 30.003 19989 44.844 27.811 3056
 Reading 64.377 21.478 19989 60.277 21.579 3056
Grade 3        
2017 Literacy 38.669 16.827 22246 35.041 14.722 3628
 Numeracy 29.194 14.506 22246 27.243 12.649 3628
 Logic 33.453 16.015 22246 30.299 13.989 3628
2018 Literacy 37.26 18.001 21455 32.465 14.628 3475
 Numeracy 33.972 16.952 21455 30.96 14.555 3475
 Logic 33.486 16.408 21455 29.511 13.807 3475
2019 Literacy 31.937 16.359 21514 28.961 14.037 3678
 Numeracy 32.174 15.676 21514 28.434 13.01 3678
Grade 6        
2016 Thai 41.652 15.37 23634 35.496 13.509 4055
 English 30.416 12.577 23634 27.613 9.413 4055
 Math 31.42 15.595 23634 26.443 12.504 4055
 Science 35.418 10.753 23634 32.292 9.382 4055
2017 Thai 36.13 13.752 23336 32.151 11.981 3960
 English 29.812 12.171 23336 28.66 10.726 3960
 Math 28.647 13.509 23336 25.917 12.009 3960
 Science 32.36 10.652 23336 30.384 9.848 3960
2018 Thai 41.85 16.524 23057 37.178 14.702 3762
  English 31.215 12.086 23057 29.468 9.844 3762
  Math 26.173 15.026 23057 23.32 12.079 3762
  Science 32.441 10.908 23057 30.35 9.808 3762
2019  Thai 36.824 14.315 22749 32.622 12.439 3827
  English 27.818 10.481 22749 26.109 7.755 3827
  Math 24.655 12.058 22749 22.371 10.523 3827
  Science 28.758 10.479 22749 27.478 9.121 3827

Note: Average scores and standard deviations computed from individual test scores from the  
          National Institute of Educational Testing Service (NIETS), Thailand. 
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Table 2. 4: Effects of ALS project on student performance (without test taker weight) 

Note: Linear and quadratic RD estimates on equation (1). All grades in all years use all test scores from 24  
 tests during 2017-2019. All grades in 2017 use the test scores from the 7 tests in 2017. All grades in 2018  
 use the test scores from the 9 tests in 2018. All grades in 2019 use the test scores from 8 tests in 2019.  
 Grade 1 all years use the test scores from the 4 tests during 2018-2019. Grade 3 all years use the test scores  
 from the 8 tests during 2017-2019. Grade 6 all years use the test scores from the 12 tests during 2017-2019. 
 Order refers to polynomial order and Dist. FE refers to district fixed effect. 
 

 

  

 Coef. Std.Err. [95%Conf. Interval] Order Dist. 
FE 

Test 
FE 

Obs. 

All grade,      0.013     0.045    -0.076     0.101 1 Yes No 5287
All year     0.012     0.046    -0.077     0.101 1 Yes Yes 5239
    -0.015     0.055    -0.123     0.094 2 Yes No 8019
    -0.009     0.053    -0.113     0.095 2 Yes Yes 7971
All grade      0.029     0.051    -0.071     0.129 1 Yes No 1558
in 2017     0.029     0.051    -0.071     0.129 1 Yes Yes 1558
    -0.005     0.053    -0.110     0.099 2 Yes No 2846
    -0.004     0.053    -0.109     0.100 2 Yes Yes 2846
All grade     -0.004     0.058    -0.118     0.109 1 Yes No 2166
in 2018    -0.007     0.057    -0.119     0.104 1 Yes Yes 2175
     0.029     0.072    -0.113     0.170 2 Yes No 2994
     0.029     0.072    -0.112     0.171 2 Yes Yes 2994
All grade      0.009     0.067    -0.121     0.140 1 Yes No 1676
in 2019    -0.007     0.068    -0.141     0.126 1 Yes Yes 1692
     0.011     0.072    -0.130     0.151 2 Yes No 2544
     0.008     0.072    -0.132     0.148 2 Yes Yes 2560
Grade 1    -0.082     0.143    -0.362     0.198 1 Yes No 1256
    -0.082     0.143    -0.362     0.197 1 Yes Yes 1256
    -0.065     0.132    -0.323     0.193 2 Yes No 1640
    -0.065     0.132    -0.323     0.193 2 Yes Yes 1640
Grade 3     0.034     0.098    -0.159     0.227 1 Yes No 1927
     0.034     0.099    -0.160     0.228 1 Yes Yes 1935
     0.016     0.109    -0.197     0.229 2 Yes No 3007
     0.021     0.110    -0.195     0.237 2 Yes Yes 3015
Grade 6     0.019     0.031    -0.041     0.080 1 Yes No 2896
     0.019     0.031    -0.041     0.079 1 Yes Yes 2896
     0.007     0.040    -0.072     0.085 2 Yes No 3864
     0.006     0.040    -0.072     0.085 2 Yes Yes 3864
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Table 3. 1: Descriptive Statistics of Grade 6 Students 

  Control Treatment 
Year Variables Mean Std. Dev. Obs. Mean Std. Dev. Obs. 
2015 Math 39.729 18.606 503731 46.82 21.512 53662 
 Science 40.113 12.482 503731 44.798 14.221 53662 
2016 Math 36.68 17.107 512039 43.507 20.297 55654 
 Science 38.971 11.272 512039 43.092 13.175 55654 
2017 Math 33.662 14.398 497121 39.545 18.243 55784 
 Science 36.723 11.104 497121 40.663 12.589 55784 
2018 Math 33.282 17.968 489077 41.03 22.483 55932 
 Science 37.293 11.753 489077 41.601 13.417 55932 
2019 Math 29.862 13.965 482214 35.413 17.484 55684 
 Science 32.853 12.336 482214 37.867 15.495 55684 
2020 Math 27.304 12.741 338954 32.699 17.561 44771 
 Science 36.152 12.609 338954 41.147 15.003 44771 

Note: Average scores and standard deviations computed from individual test scores from the  
          National Institute of Educational Testing Service (NIETS), Thailand. 

 

Table 3. 2: Descriptive Statistics of Grade 9 Students 

  Control Treatment 
Year Variables Mean Std. Dev. Obs. Mean Std. Dev. Obs. 
2015 Math 31.299 14.222 381188 34.276 15.87 133080 
 Science 36.824 12.874 381188 39.48 14.152 133080 
2016 Math 28.211 14.868 370780 31.826 16.801 130103 
 Science 34.356 9.97 370780 36.298 10.867 130103 
2017 Math 25.393 15.524 369792 28.518 17.38 131070 
 Science 31.784 9.535 369792 33.444 10.191 131070 
2018 Math 29.049 15.187 370283 32.173 17.097 132374 
 Science 35.469 10.728 370283 37.648 11.376 132374 
2019 Math 25.871 15.044 379788 28.757 16.934 137220 
 Science 29.764 8.421 379788 30.839 8.889 137220 
2020 Math 24.636 14.184 197241 28.279 16.505 67722 
 Science 29.45 9.317 197241 31.47 10.316 67722 

Note: Average scores and standard deviations computed from individual test scores from the  
          National Institute of Educational Testing Service (NIETS), Thailand. 
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Table 3. 3: Common trend assumption check for grade 6 students 

 (1) (2) (3) (4) 
 Mathematics Science Mathematics Science 
SMT*2015   -0.0231* 

(0.0140) 
0.0175 

(0.0130) 
SMT*2016 0.0130 

(0.0118) 
-0.0106 
(0.0115) 

-0.0101 
(0.0128) 

0.00699 
(0.0124) 

SMT*2017 0.0231* 
(0.0140) 

-0.0175 
(0.0130) 

  

N 
R-squared 

2805869 
0.0658 

2805869 
0.0687 

2805869 
0.0658 

2805869 
0.0687 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2015, 2016, 2017} are academic year 
dummies. All columns used test scores of grade six students during 2015-2020. Columns (1) and 
(2) used 2015 as base year while columns (3) and (4) used 2017 as base year. Standard errors in 
parentheses are clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01 

 

 

Table 3. 4: Common trend assumption check for grade 9 

 (1) (2) (3) (4) 
 Mathematics Science Mathematics Science 
SMT*2015   0.00718 

(0.00798) 
0.0304*** 
(0.00884) 

SMT*2016 0.0289*** 
(0.00688) 

-0.0135* 
(0.00756) 

0.0361*** 
(0.00627) 

0.0168** 
(0.00728) 

SMT*2017 -0.00718 
(0.00798) 

-0.0304*** 
(0.00884) 

  

N 
R-squared 

2561872 
0.0246 

2561872 
0.0276 

2561872 
0.0246 

2561872 
0.0276 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2015, 2016, 2017} are academic year 
dummies. All columns used test scores of grade nine students during 2015-2020. Columns (1) 
and (2) used 2015 as base year while columns (3) and (4) used 2017 as base year. Standard errors 
in parentheses are clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01  
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Table 3. 5: Effects of SMT project on mathematics performance of grade 6 students          
                  (base year: 2015) 

 (1) (2) (3) (4) (5) 
 Overall Top Math 

Schools 
Bottom 
Math 

Schools 

Top 
Science 
Schools 

Bottom 
Science 
Schools 

SMT 0.379*** 
(0.0333) 

0.123*** 
(0.0366) 

0.0979*** 
(0.0214) 

0.162*** 
(0.0380) 

0.0633** 
(0.0252) 

2016 -0.00186 
(0.00302) 

-0.0129** 
(0.00610) 

0.0132*** 
(0.00322) 

-0.0135** 
(0.00635) 

0.0191*** 
(0.00404) 

2017 -0.00566* 
(0.00331) 

-0.0475*** 
(0.00727) 

0.0413*** 
(0.00335) 

-0.0365*** 
(0.00740) 

0.0429*** 
(0.00437) 

2018 -0.00780** 
(0.00356) 

-0.122*** 
(0.00885) 

0.109*** 
(0.00378) 

-0.0774*** 
(0.00841) 

0.0816*** 
(0.00462) 

2019 -0.00672* 
(0.00363) 

-0.176*** 
(0.00888) 

0.145*** 
(0.00403) 

-0.118*** 
(0.00854) 

0.115*** 
(0.00485) 

2020 -0.0252*** 
(0.00442) 

-0.258*** 
(0.0120) 

0.196*** 
(0.00399) 

-0.185*** 
(0.0113) 

0.167*** 
(0.00502) 

SMT*2016 0.0130 
(0.0118) 

0.0334** 
(0.0160) 

-0.0131 
(0.0161) 

0.0351** 
(0.0156) 

0.000908 
(0.0201) 

SMT*2017 0.0231* 
(0.0140) 

0.0616*** 
(0.0196) 

-0.0132 
(0.0175) 

0.0551*** 
(0.0190) 

0.0265 
(0.0225) 

SMT*2018 0.0446*** 
(0.0136) 

0.156*** 
(0.0195) 

-0.0335 
(0.0213) 

0.120*** 
(0.0185) 

0.0211 
(0.0232) 

SMT*2019 0.00997 
(0.0146) 

0.143*** 
(0.0213) 

-0.0364 
(0.0241) 

0.105*** 
(0.0201) 

0.0105 
(0.0254) 

SMT*2020 0.0207 
(0.0196) 

0.187*** 
(0.0286) 

-0.0196 
(0.0223) 

0.136*** 
(0.0272) 

0.00396 
(0.0239) 

cons -0.0205*** 
(0.00715) 

0.503*** 
(0.0131) 

-0.444*** 
(0.00363) 

0.403*** 
(0.0145) 

-0.412*** 
(0.00506) 

N 
R-squared 

2805869 
0.0658 

941108 
0.0701 

878067 
0.0846 

985218 
0.0546 

742425 
0.0413 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic 
year dummies. All columns used mathematics test scores of grade six students during 2015-2020. 
Standard errors in parentheses are clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 3. 6: Effects of SMT project on science performance of grade 6 students  
                  (base year: 2015) 

 (1) (2) (3) (4) (5) 
 Overall Top Math 

Schools 
Bottom 
Math 

Schools 

Top 
Science 
Schools 

Bottom 
Science 
Schools 

SMT 0.373*** 
(0.0307) 

0.210*** 
(0.0366) 

0.118*** 
(0.0291) 

0.141*** 
(0.0343) 

0.0699*** 
(0.0217) 

2016 0.000176 
(0.00309) 

-0.00293 
(0.00638) 

0.00312 
(0.00419) 

-0.00702 
(0.00604) 

0.00366 
(0.00369) 

2017 -0.00162 
(0.00323) 

-0.0136** 
(0.00669) 

0.0168*** 
(0.00443) 

-0.0225*** 
(0.00612) 

0.0116*** 
(0.00382) 

2018 -0.00143 
(0.00339) 

-0.0534*** 
(0.00761) 

0.0573*** 
(0.00455) 

-0.0961*** 
(0.00748) 

0.0943*** 
(0.00433) 

2019 -0.00499 
(0.00359) 

-0.0729*** 
(0.00864) 

0.0797*** 
(0.00451) 

-0.116*** 
(0.00876) 

0.132*** 
(0.00429) 

2020 -0.0212*** 
(0.00396) 

-0.118*** 
(0.00925) 

0.0744*** 
(0.00510) 

-0.162*** 
(0.00910) 

0.132*** 
(0.00496) 

SMT*2016 -0.0106 
(0.0115) 

0.0121 
(0.0154) 

-0.0493*** 
(0.0178) 

0.0143 
(0.0146) 

0.000971 
(0.0167) 

SMT*2017 -0.0175 
(0.0130) 

-0.00612 
(0.0180) 

-0.0348* 
(0.0208) 

-0.00120 
(0.0170) 

-0.00145 
(0.0172) 

SMT*2018 -0.0105 
(0.0130) 

0.0410** 
(0.0177) 

-0.0447* 
(0.0229) 

0.0746*** 
(0.0171) 

-0.00983 
(0.0225) 

SMT*2019 0.0219 
(0.0147) 

0.0925*** 
(0.0207) 

-0.0472* 
(0.0276) 

0.123*** 
(0.0204) 

0.00589 
(0.0215) 

SMT*2020 0.0105 
(0.0160) 

0.0755*** 
(0.0221) 

-0.00244 
(0.0292) 

0.119*** 
(0.0213) 

0.0195 
(0.0289) 

cons -0.0224*** 
(0.00605) 

0.346*** 
(0.0121) 

-0.333*** 
(0.00479) 

0.403*** 
(0.0106) 

-0.418*** 
(0.00415) 

N 
R-squared 

2805869 
0.0687 

941108 
0.0674 

878067 
0.0160 

985218 
0.0626 

742425 
0.0519 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic 
year dummies. All columns used science test scores of grade six students during 2015-2020. 
Standard errors in parentheses are clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 3. 7: Effects of SMT project on mathematics performance of grade 6 students  
                  (base year: 2016) 
 (1) (2) (3) (4) (5) 
 Overall Top Math 

Schools 
Bottom 
Math 

Schools 

Top 
Science 
Schools 

Bottom 
Science 
Schools 

SMT 0.392*** 
(0.0359) 

0.157*** 
(0.0410) 

0.0847*** 
(0.0205) 

0.197*** 
(0.0418) 

0.0642** 
(0.0259) 

2017 -0.00380 
(0.00291) 

-0.0346*** 
(0.00596) 

0.0281*** 
(0.00304) 

-0.0230*** 
(0.00636) 

0.0238*** 
(0.00394) 

2018 -0.00594* 
(0.00317) 

-0.109*** 
(0.00779) 

0.0957*** 
(0.00335) 

-0.0639*** 
(0.00740) 

0.0625*** 
(0.00424) 

2019 -0.00486 
(0.00337) 

-0.163*** 
(0.00802) 

0.132*** 
(0.00369) 

-0.104*** 
(0.00777) 

0.0963*** 
(0.00451) 

2020 -0.0233*** 
(0.00421) 

-0.245*** 
(0.0112) 

0.183*** 
(0.00377) 

-0.172*** 
(0.0107) 

0.148*** 
(0.00476) 

SMT*2017 0.0101 
(0.0128) 

0.0282 
(0.0176) 

-0.0000512
(0.0146) 

0.0200 
(0.0169) 

0.0256 
(0.0198) 

SMT*2018 0.0316*** 
(0.0117) 

0.123*** 
(0.0165) 

-0.0203 
(0.0182) 

0.0845*** 
(0.0155) 

0.0202 
(0.0204) 

SMT*2019 -0.00304 
(0.0131) 

0.110*** 
(0.0187) 

-0.0233 
(0.0211) 

0.0700*** 
(0.0179) 

0.00955 
(0.0224) 

SMT*2020 0.00769 
(0.0185) 

0.153*** 
(0.0269) 

-0.00648 
(0.0218) 

0.101*** 
(0.0253) 

0.00305 
(0.0243) 

cons -0.0224*** 
(0.00735) 

0.490*** 
(0.0139) 

-0.431*** 
(0.00332) 

0.390*** 
(0.0153) 

-0.393*** 
(0.00474) 

N 
R-squared 

2319261 
0.0692 

782338 
0.0717 

722074 
0.0755 

819203 
0.0578 

610092 
0.0367 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2017, 2018, 2019, 2020} are academic year 
dummies. All columns used mathematics test scores of grade six students during 2016-2020. 
Standard errors in parentheses are clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 3. 8: Effects of SMT project on science performance of grade 6 students 
                  (base year: 2016) 

 (1) (2) (3) (4) (5) 
 Overall Top Math 

Schools 
Bottom 
Math 

Schools 

Top 
Science 
Schools 

Bottom 
Science 
Schools 

SMT 0.363*** 
(0.0319) 

0.222*** 
(0.0376) 

0.0684*** 
(0.0248) 

0.156*** 
(0.0356) 

0.0708*** 
(0.0212) 

2017 -0.00180 
(0.00312) 

-0.0107 
(0.00662) 

0.0137*** 
(0.00412) 

-0.0155**

(0.00643) 
0.00791** 
(0.00355) 

2018 -0.00161 
(0.00330) 

-0.0505*** 
(0.00733) 

0.0542*** 
(0.00430) 

-0.0891***

(0.00751) 
0.0906*** 
(0.00416) 

2019 -0.00517 
(0.00347) 

-0.0700*** 
(0.00837) 

0.0766*** 
(0.00433) 

-0.109*** 
(0.00862) 

0.129*** 
(0.00412) 

2020 -0.0214*** 
(0.00387) 

-0.115*** 
(0.00895) 

0.0713*** 
(0.00500) 

-0.155*** 
(0.00905) 

0.128*** 
(0.00482) 

SMT*2017 -0.00699 
(0.0124) 

-0.0182 
(0.0172) 

0.0145 
(0.0190) 

-0.0155 
(0.0161) 

-0.00243 
(0.0169) 

SMT*2018 0.0000197 
(0.0115) 

0.0289* 
(0.0161) 

0.00467 
(0.0201) 

0.0602***

(0.0156) 
-0.0108 
(0.0208) 

SMT*2019 0.0324** 
(0.0142) 

0.0804*** 
(0.0204) 

0.00216 
(0.0242) 

0.109*** 
(0.0199) 

0.00492 
(0.0196) 

SMT*2020 0.0210 
(0.0160) 

0.0634*** 
(0.0221) 

0.0469* 
(0.0269) 

0.104*** 
(0.0214) 

0.0185 
(0.0290) 

cons -0.0222*** 
(0.00621) 

0.343*** 
(0.0126) 

-0.330*** 
(0.00460) 

0.396*** 
(0.0114) 

-0.414*** 
(0.00387) 

N 
R-squared 

2319261 
0.0701 

782338 
0.0698 

722074 
0.0145 

819203 
0.0640 

610092 
0.0485 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2017, 2018, 2019, 2020} are academic year 
dummies. All columns used science test scores of grade six students during 2016-2020. Standard 
errors in parentheses are clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 3. 9: Effects of SMT project on mathematics performance of grade 6 students 
                  (base year: 2017) 

 (1) (2) (3) (4) (5) 
 Overall Top Math 

Schools 
Bottom 
Math 

Schools 

Top 
Science 
Schools 

Bottom 
Science 
Schools 

SMT 0.402*** 
(0.0379) 

0.185*** 
(0.0444) 

0.0847*** 
(0.0171) 

0.217*** 
(0.0449) 

0.0898*** 
(0.0240) 

2015 0.00566* 
(0.00331) 

0.0475*** 
(0.00727) 

-0.0413*** 
(0.00335) 

0.0365***

(0.00740) 
-0.0429*** 
(0.00437) 

2016 0.00380 
(0.00291) 

0.0346*** 
(0.00596) 

-0.0281*** 
(0.00304) 

0.0230***

(0.00636) 
-0.0238*** 
(0.00394) 

2018 -0.00214 
(0.00280) 

-0.0744*** 
(0.00669) 

0.0676*** 
(0.00334) 

-0.0409*** 
(0.00628) 

0.0387*** 
(0.00404) 

2019 -0.00106 
(0.00307) 

-0.129*** 
(0.00718) 

0.104*** 
(0.00356) 

-0.0814*** 
(0.00687) 

0.0725*** 
(0.00426) 

2020 -0.0195*** 
(0.00386) 

-0.211*** 
(0.0101) 

0.155*** 
(0.00373) 

-0.149*** 
(0.00952) 

0.124*** 
(0.00461) 

SMT*2015 -0.0231* 
(0.0140) 

-0.0616*** 
(0.0196) 

0.0132 
(0.0175) 

-0.0551*** 
(0.0190) 

-0.0265 
(0.0225) 

SMT*2016 -0.0101 
(0.0128) 

-0.0282 
(0.0176) 

0.0000512 
(0.0146) 

-0.0200 
(0.0169) 

-0.0256 
(0.0198) 

SMT*2018 0.0215** 
(0.0103) 

0.0946*** 
(0.0145) 

-0.0203 
(0.0150) 

0.0645***

(0.0136) 
-0.00537 
(0.0200) 

SMT*2019 -0.0132 
(0.0109) 

0.0813*** 
(0.0149) 

-0.0232 
(0.0191) 

0.0500***

(0.0142) 
-0.0161 
(0.0221) 

SMT*2020 -0.00244 
(0.0150) 

0.125*** 
(0.0213) 

-0.00643 
(0.0190) 

0.0810***

(0.0202) 
-0.0226 
(0.0213) 

cons -0.0262*** 
(0.00768) 

0.455*** 
(0.0158) 

-0.403*** 
(0.00338) 

0.367*** 
(0.0167) 

-0.369*** 
(0.00466) 

N 
R-squared 

2805869 
0.0658 

941108 
0.0701 

878067 
0.0846 

985218 
0.0546 

742425 
0.0413 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2015, 2016, 2018, 2019, 2020} are academic 
year dummies. All columns used mathematics test scores of grade six students during 2015-2020. 
Standard errors in parentheses are clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 3. 10: Effects of SMT project on science performance of grade 6 students  
                    (base year: 2017) 

 (1) (2) (3) (4) (5) 
 Overall Top Math 

Schools 
Bottom 
Math 

Schools 

Top 
Science 
Schools 

Bottom 
Science 
Schools 

SMT 0.356*** 
(0.0307) 

0.204*** 
(0.0364) 

0.0829*** 
(0.0250) 

0.140*** 
(0.0344) 

0.0684*** 
(0.0209) 

2015 0.00162 
(0.00323) 

0.0136** 
(0.00669) 

-0.0168*** 
(0.00443) 

0.0225*** 
(0.00612) 

-0.0116*** 
(0.00382) 

2016 0.00180 
(0.00312) 

0.0107 
(0.00662) 

-0.0137*** 
(0.00412) 

0.0155** 
(0.00643) 

-0.00791** 
(0.00355) 

2018 0.000189 
(0.00293) 

-0.0398*** 
(0.00636) 

0.0405*** 
(0.00418) 

-0.0735***

(0.00628) 
0.0827*** 
(0.00411) 

2019 -0.00337 
(0.00306) 

-0.0593*** 
(0.00717) 

0.0629*** 
(0.00413) 

-0.0932***

(0.00720) 
0.121*** 

(0.00397) 
2020 -0.0196*** 

(0.00360) 
-0.104*** 
(0.00816) 

0.0576*** 
(0.00484) 

-0.139*** 
(0.00803) 

0.120*** 
(0.00481) 

SMT*2015 0.0175 
(0.0130) 

0.00612 
(0.0180) 

0.0348* 
(0.0208) 

0.00120 
(0.0170) 

0.00145 
(0.0172) 

SMT*2016 0.00699 
(0.0124) 

0.0182 
(0.0172) 

-0.0145 
(0.0190) 

0.0155 
(0.0161) 

0.00243 
(0.0169) 

SMT*2018 0.00701 
(0.0101) 

0.0472*** 
(0.0139) 

-0.00988 
(0.0190) 

0.0758*** 
(0.0133) 

-0.00838 
(0.0204) 

SMT*2019 0.0394*** 
(0.0127) 

0.0986*** 
(0.0179) 

-0.0124 
(0.0246) 

0.124*** 
(0.0173) 

0.00734 
(0.0184) 

SMT*2020 0.0280* 
(0.0144) 

0.0816*** 
(0.0200) 

0.0323 
(0.0270) 

0.120*** 
(0.0188) 

0.0209 
(0.0282) 

cons -0.0240*** 
(0.00619) 

0.333*** 
(0.0123) 

-0.316*** 
(0.00457) 

0.381*** 
(0.0109) 

-0.406*** 
(0.00389) 

N 
R-squared 

2805869 
0.0687 

941108 
0.0674 

878067 
0.0160 

985218 
0.0626 

742425 
0.0519 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2015, 2016, 2018, 2019, 2020} are academic 
year dummies. All columns used science test scores of grade six students during 2015-2020. 
Standard errors in parentheses are clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01 

 

  



94 
 

Table 3. 11: Effects of SMT project on mathematics performance of grade 9 students 
                    (base year: 2015) 

 (1) (2) (3) (4) (5) 
 Overall Top Math 

Schools 
Bottom 
Math 

Schools 

Top 
Science 
Schools 

Bottom 
Science 
Schools 

SMT 0.190*** 
(0.0366) 

-0.0406 
(0.0495) 

0.0410*** 
(0.00909) 

-0.00600 
(0.0511) 

0.0430*** 
(0.0135) 

2016 -0.00516 
(0.00335) 

0.00439 
(0.00621) 

-0.00564* 
(0.00292) 

0.00374 
(0.00630) 

-0.000690 
(0.00398) 

2017 -0.000854 
(0.00391) 

0.00152 
(0.00772) 

0.0178*** 
(0.00280) 

0.00300 
(0.00787) 

0.0148*** 
(0.00376) 

2018 -0.00224 
(0.00430) 

-0.0209** 
(0.00886) 

0.0638*** 
(0.00348) 

-0.0131 
(0.00888) 

0.0316*** 
(0.00407) 

2019 0.000147 
(0.00443) 

-0.0267*** 
(0.00929) 

0.0763*** 
(0.00343) 

-0.0174* 
(0.00930) 

0.0491*** 
(0.00406) 

2020 -0.0354*** 
(0.0104) 

-0.0135 
(0.0227) 

0.0793*** 
(0.00407) 

-0.0154 
(0.0228) 

0.0517*** 
(0.00480) 

SMT*2016 0.0289*** 
(0.00688) 

0.0226** 
(0.00955) 

0.00103 
(0.00806) 

0.0249** 
(0.00999) 

0.00192 
(0.0116) 

SMT*2017 -0.00718 
(0.00798) 

-0.0126 
(0.0116) 

-0.00391 
(0.00929) 

-0.0108 
(0.0121) 

0.00164 
(0.0114) 

SMT*2018 -0.00148 
(0.00876) 

0.0129 
(0.0130) 

-0.0170 
(0.0112) 

0.00664 
(0.0135) 

-0.0188 
(0.0142) 

SMT*2019 -0.0152 
(0.00945) 

0.00349 
(0.0140) 

-0.0146 
(0.0144) 

-0.00440 
(0.0145) 

-0.0238* 
(0.0133) 

SMT*2020 0.0550*** 
(0.0196) 

0.0551* 
(0.0318) 

0.00266 
(0.0149) 

0.0597* 
(0.0322) 

-0.0120 
(0.0174) 

cons -0.0264 
(0.0185) 

0.333*** 
(0.0325) 

-0.422*** 
(0.00286) 

0.328*** 
(0.0331) 

-0.381*** 
(0.00398) 

N 
R-squared 

2561872 
0.0246 

1370117 
0.0013 

510571 
0.0804 

1313795 
0.0005 

496871 
0.0262 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic 
year dummies. All columns used mathematics test scores of grade nine students during 2015-
2020. Standard errors in parentheses are clustered at school level. *p < 0.10, **p < 0.05, ***p < 0.01 
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Table 3. 12: Effects of SMT project on science performance of grade 9 students 
                    (base year: 2015) 

 (1) (2) (3) (4) (5) 
 Overall Top Math 

Schools 
Bottom 
Math 

Schools 

Top 
Science 
Schools 

Bottom 
Science 
Schools 

SMT 0.192*** 
(0.0340) 

-0.0185 
(0.0452) 

0.0541*** 
(0.0166) 

-0.00715 
(0.0457) 

0.0626*** 
(0.0124) 

2016 0.00289 
(0.00359) 

-0.0265*** 
(0.00637) 

0.0466*** 
(0.00457) 

-0.0257***

(0.00628) 
0.0463*** 
(0.00372) 

2017 0.00323 
(0.00407) 

-0.0331*** 
(0.00760) 

0.0668*** 
(0.00468) 

-0.0348***

(0.00753) 
0.0642*** 
(0.00380) 

2018 -0.00203 
(0.00432) 

-0.0334*** 
(0.00836) 

0.0513*** 
(0.00487) 

-0.0461***

(0.00841) 
0.0767*** 
(0.00439) 

2019 0.0112* 
(0.00607) 

-0.113*** 
(0.0103) 

0.180*** 
(0.00515) 

-0.131*** 
(0.0101) 

0.212*** 
(0.00480) 

2020 -0.0240*** 
(0.00903) 

-0.0551*** 
(0.0181) 

0.109*** 
(0.00563) 

-0.0800***

(0.0180) 
0.152*** 

(0.00501) 
SMT*2016 -0.0135* 

(0.00756) 
0.00293 
(0.0102) 

-0.0187 
(0.0166) 

-0.00412 
(0.0103) 

-0.00727 
(0.0108) 

SMT*2017 -0.0304*** 
(0.00884) 

-0.00880 
(0.0122) 

-0.0428*** 
(0.0158) 

-0.0126 
(0.0122) 

-0.0220* 
(0.0121) 

SMT*2018 -0.0000625 
(0.0100) 

0.0221 
(0.0138) 

-0.0235 
(0.0167) 

0.0253* 
(0.0142) 

-0.0171 
(0.0131) 

SMT*2019 -0.0740*** 
(0.0131) 

0.00515 
(0.0169) 

-0.0386** 
(0.0173) 

0.00398 
(0.0168) 

-0.0351** 
(0.0142) 

SMT*2020 0.0184 
(0.0175) 

0.0476* 
(0.0265) 

-0.0111 
(0.0185) 

0.0600** 
(0.0267) 

-0.0292* 
(0.0158) 

cons -0.0284* 
(0.0168) 

0.305*** 
(0.0290) 

-0.397*** 
(0.00433) 

0.334*** 
(0.0288) 

-0.440*** 
(0.00384) 

N 
R-squared 

2561872 
0.0276 

1370117 
0.0056 

510571 
0.0910 

1313795 
0.0075 

496871 
0.1811 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic 
year dummies. All columns used sciences test scores of grade nine students during 2015-2020. 
Standard errors in parentheses are clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 3. 13: Effects of SMT project on mathematics performance of grade 9 students 
                    (base year: 2016) 

 (1) (2) (3) (4) (5) 
 Overall Top Math 

Schools 
Bottom 
Math 

Schools 

Top 
Science 
Schools 

Bottom 
Science 
Schools 

SMT 0.219*** 
(0.0375) 

-0.0181 
(0.0504) 

0.0420*** 
(0.00876) 

0.0189 
(0.0520) 

0.0449*** 
(0.0120) 

2017 0.00431 
(0.00320) 

-0.00287 
(0.00612) 

0.0234*** 
(0.00268) 

-0.000736
(0.00632) 

0.0155*** 
(0.00358) 

2018 0.00292 
(0.00361) 

-0.0253*** 
(0.00738) 

0.0694*** 
(0.00327) 

-0.0168** 
(0.00744) 

0.0323*** 
(0.00377) 

2019 0.00531 
(0.00366) 

-0.0311*** 
(0.00762) 

0.0819*** 
(0.00332) 

-0.0211***

(0.00763) 
0.0498*** 
(0.00380) 

2020 -0.0302*** 
(0.0105) 

-0.0179 
(0.0226) 

0.0850*** 
(0.00395) 

-0.0191 
(0.0227) 

0.0524*** 
(0.00456) 

SMT*2017 -0.0361*** 
(0.00627) 

-0.0352*** 
(0.00888) 

-0.00494 
(0.00825) 

-0.0357***

(0.00942) 
-0.000278 
(0.0115) 

SMT*2018 -0.0304*** 
(0.00746) 

-0.00973 
(0.0110) 

-0.0180* 
(0.00951) 

-0.0182 
(0.0114) 

-0.0207* 
(0.0110) 

SMT*2019 -0.0441*** 
(0.00811) 

-0.0191 
(0.0118) 

-0.0157 
(0.0118) 

-0.0293** 
(0.0123) 

-0.0257** 
(0.0130) 

SMT*2020 0.0261 
(0.0191) 

0.0325 
(0.0312) 

0.00163 
(0.0126) 

0.0348 
(0.0316) 

-0.0139 
(0.0159) 

cons -0.0315* 
(0.0192) 

0.338*** 
(0.0334) 

-0.428*** 
(0.00290) 

0.332*** 
(0.0340) 

-0.382*** 
(0.00396) 

N 
R-squared 

2098116 
0.0247 

1119866 
0.0013 

419081 
0.0736 

1074160 
0.0006 

407612 
0.0243 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2017, 2018, 2019, 2020} are academic year 
dummies. All columns used mathematics test scores of grade nine students during 2016-2020. 
Standard errors in parentheses are clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 3. 14: Effects of SMT project on science performance of grade 9 students 
                    (base year: 2016) 

 (1) (2) (3) (4) (5) 
 Overall Top Math 

Schools 
Bottom 
Math 

Schools 

Top 
Science 
Schools 

Bottom 
Science 
Schools 

SMT 0.178*** 
(0.0326) 

-0.0156 
(0.0439) 

0.0353*** 
(0.0134) 

-0.0113 
(0.0447) 

0.0554*** 
(0.0115) 

2017 0.000337 
(0.00314) 

-0.00665 
(0.00566) 

0.0201*** 
(0.00443) 

-0.00909* 
(0.00551) 

0.0180*** 
(0.00340) 

2018 -0.00492 
(0.00379) 

-0.00687 
(0.00723) 

0.00468 
(0.00477) 

-0.0204*** 
(0.00725) 

0.0305*** 
(0.00441) 

2019 0.00830* 
(0.00494) 

-0.0867*** 
(0.00814) 

0.133*** 
(0.00501) 

-0.105*** 
(0.00797) 

0.166*** 
(0.00466) 

2020 -0.0269*** 
(0.00887) 

-0.0286 
(0.0178) 

0.0628*** 
(0.00540) 

-0.0543*** 
(0.0180) 

0.105*** 
(0.00495) 

SMT*2017 -0.0168** 
(0.00728) 

-0.0117 
(0.00978) 

-0.0240* 
(0.0141) 

-0.00850 
(0.00986) 

-0.0148 
(0.0116) 

SMT*2018 0.0135 
(0.00844) 

0.0191 
(0.0117) 

-0.00480 
(0.0162) 

0.0295** 
(0.0121) 

-0.00981 
(0.0158) 

SMT*2019 -0.0605*** 
(0.0109) 

0.00222 
(0.0139) 

-0.0198 
(0.0147) 

0.00810 
(0.0141) 

-0.0278** 
(0.0141) 

SMT*2020 0.0319* 
(0.0166) 

0.0446* 
(0.0256) 

0.00761 
(0.0166) 

0.0641** 
(0.0258) 

-0.0219 
(0.0160) 

cons -0.0255 
(0.0163) 

0.278*** 
(0.0288) 

-0.351*** 
(0.00414) 

0.309*** 
(0.0286) 

-0.394*** 
(0.00369) 

N 
R-squared 

2098116 
0.0275 

1119866 
0.0052 

419081 
0.0759 

1074160 
0.0068 

407612 
0.1477 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2017, 2018, 2019, 2020} are academic year 
dummies. All columns used science test scores of grade nine students during 2016-2020. Standard 
errors in parentheses are clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 3. 15: Effects of SMT project on mathematics performance of grade 9 students 
                    (base year: 2017) 

 (1) (2) (3) (4) (5) 
 Overall Top Math 

Schools 
Bottom 
Math 

Schools 

Top 
Science 
Schools 

Bottom 
Science 
Schools 

SMT 0.183*** 
(0.0383) 

-0.0532 
(0.0529) 

0.0371*** 
(0.00854) 

-0.0168 
(0.0547) 

0.0446*** 
(0.0107) 

2015 0.000854 
(0.00391) 

-0.00152 
(0.00772) 

-0.0178*** 
(0.00280) 

-0.00300 
(0.00787) 

-0.0148*** 
(0.00376) 

2016 -0.00431 
(0.00320) 

0.00287 
(0.00612) 

-0.0234*** 
(0.00268) 

0.000736
(0.00632) 

-0.0155*** 
(0.00358) 

2018 -0.00139 
(0.00279) 

-0.0224***

(0.00545) 
0.0460*** 
(0.00317) 

-0.0161***

(0.00545) 
0.0168*** 
(0.00343) 

2019 0.00100 
(0.00308) 

-0.0282***

(0.00626) 
0.0585*** 
(0.00327) 

-0.0204***

(0.00625) 
0.0343*** 
(0.00357) 

2020 -0.0345*** 
(0.0105) 

-0.0150 
(0.0222) 

0.0616*** 
(0.00393) 

-0.0184 
(0.0223) 

0.0369*** 
(0.00456) 

SMT*2015 0.00718 
(0.00798) 

0.0126 
(0.0116) 

0.00391 
(0.00929) 

0.0108 
(0.0121) 

-0.00164 
(0.0114) 

SMT*2016 0.0361*** 
(0.00627) 

0.0352*** 
(0.00888) 

0.00494 
(0.00825) 

0.0357***

(0.00942) 
0.000278 
(0.0115) 

SMT*2018 0.00571 
(0.00685) 

0.0254*** 
(0.00944) 

-0.0131 
(0.0102) 

0.0175* 
(0.00988) 

-0.0204* 
(0.0106) 

SMT*2019 -0.00799 
(0.00737) 

0.0161 
(0.0104) 

-0.0107 
(0.0123) 

0.00643 
(0.0108) 

-0.0254** 
(0.0113) 

SMT*2020 0.0621*** 
(0.0194) 

0.0677** 
(0.0311) 

0.00657 
(0.0134) 

0.0705** 
(0.0317) 

-0.0137 
(0.0151) 

cons -0.0272 
(0.0199) 

0.335*** 
(0.0358) 

-0.404*** 
(0.00254) 

0.331*** 
(0.0365) 

-0.367*** 
(0.00357) 

N 
R-squared 

2561872 
0.0246 

1370117 
0.0013 

510571 
0.0804 

1313795 
0.0005 

496871 
0.0262 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2015, 2016, 2018, 2019, 2020} are academic 
year dummies. All columns used mathematics test scores of grade nine students during 2015-
2020. Standard errors in parentheses are clustered at school level. *p < 0.10, **p < 0.05, ***p < 0.01 
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Table 3. 16: Effects of SMT project on science performance of grade 9 students 
                    (base year: 2017) 

 (1) (2) (3) (4) (5) 
 Overall Top Math 

Schools 
Bottom 
Math 

Schools 

Top 
Science 
Schools 

Bottom 
Science 
Schools 

SMT 0.161*** 
(0.0312) 

-0.0273 
(0.0427) 

0.0113 
(0.0111) 

-0.0198 
(0.0435) 

0.0406*** 
(0.00891) 

2015 -0.00323 
(0.00407) 

0.0331*** 
(0.00760) 

-0.0668*** 
(0.00468) 

0.0348*** 
(0.00753) 

-0.0642*** 
(0.00380) 

2016 -0.000337 
(0.00314) 

0.00665 
(0.00566) 

-0.0201*** 
(0.00443) 

0.00909* 
(0.00551) 

-0.0180*** 
(0.00340) 

2018 -0.00526 
(0.00335) 

-0.000223
(0.00630) 

-0.0155*** 
(0.00459) 

-0.0113* 
(0.00629) 

0.0125*** 
(0.00421) 

2019 0.00796* 
(0.00449) 

-0.0801***

(0.00735) 
0.113*** 

(0.00467) 
-0.0960***

(0.00715) 
0.148*** 

(0.00441) 
2020 -0.0273*** 

(0.00880) 
-0.0219 
(0.0180) 

0.0427*** 
(0.00511) 

-0.0452** 
(0.0181) 

0.0873*** 
(0.00475) 

SMT*2015 0.0304*** 
(0.00884) 

0.00880 
(0.0122) 

0.0428*** 
(0.0158) 

0.0126 
(0.0122) 

0.0220* 
(0.0121) 

SMT*2016 0.0168** 
(0.00728) 

0.0117 
(0.00978) 

0.0240* 
(0.0141) 

0.00850 
(0.00986) 

0.0148 
(0.0116) 

SMT*2018 0.0303*** 
(0.00768) 

0.0309*** 
(0.0106) 

0.0192 
(0.0149) 

0.0380*** 
(0.0109) 

0.00496 
(0.0141) 

SMT*2019 -0.0437*** 
(0.00914) 

0.0140 
(0.0118) 

0.00418 
(0.0126) 

0.0166 
(0.0117) 

-0.0131 
(0.0122) 

SMT*2020 0.0487*** 
(0.0156) 

0.0564** 
(0.0248) 

0.0316* 
(0.0164) 

0.0726*** 
(0.0253) 

-0.00718 
(0.0132) 

cons -0.0252 
(0.0162) 

0.271*** 
(0.0289) 

-0.330*** 
(0.00356) 

0.299*** 
(0.0288) 

-0.376*** 
(0.00326) 

N 
R-squared 

2561872 
0.0276 

1370117 
0.0056 

510571 
0.0910 

1313795 
0.0075 

496871 
0.1811 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2015, 2016, 2018, 2019, 2020} are academic 
year dummies. All columns used science test scores of grade nine students during 2015-2020. 
Standard errors in parentheses are clustered at school level. * p < 0.10, ** p < 0.05, *** p < 0.01 
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Figure 2. 1: Number of schools and teachers in the south 

   

              Chart A: Number of Schools  Chart B: Number of Teachers 

Source: ALS project report and correspondence with program officials. 

 

 

Figure 2. 2: Active Learning School Project Timeline 

 

Source: ALS project report and correspondence with program officials. 
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Figure 2. 3: Sample selection diagram 

 

Source: ALS project report and correspondence with program officials. 

 

 

Figure 2. 4: Probability of ALS status 

 
Note: Linear OLS regression on equation (3) in estimation approach session. Panel A and Panel B are ALS 
treatment status for academic year 2017 and 2018. Each dot represents the average probability of being 
ALS in a given bin. The bin-width is 5 normalized test score. The sizes of the dots are proportional to the 
number of observations in the bin. 
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Figure 2. 5: Histogram of normalized 2016 O-NET score and McCrary’s Test 

 

Note: The normalized 2016 O-NET scores are the school average scores subtracted by the district cutoffs 
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Figure 2. 6: Graphs of pre-treatment covariates 

   

     

 

Note: Panel A, Panel B, Panel C, Panel D and Pane E represent number of teachers, number of 
students, number of classrooms, student-teacher ratio and standardized O-NET score for academic 
year 2016, respectively. Each dot represents the average value of the pre-treatment covariates in a 
given bin. The bin-width is 5 normalized test score. The sizes of the dots are proportional to the 
number of observations in the bin. 
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Figure 2. 7: Effect Sizes of Active Learning School Project 

 
 Note: Linear and quadratic RD estimates on equation (1). All grades in all years use all test scores from 24  
 tests during 2017-2019. All grades in 2017 use the test scores from the 7 tests in 2017. All grades in 2018  
 use the test scores from the 9 tests in 2018. All grades in 2019 use the test scores from 8 tests in 2019.  
 Grade 1 all years use the test scores from the 4 tests during 2018-2019. Grade 3 all years use the test scores  
 from the 8 tests during 2017-2019. Grade 6 all years use the test scores from the 12 tests during 2017-2019. 
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Figure 2. 8: Impacts on school average test score 2017-2019 

 

 
Note: Bandwidths for these graphs are mean squared error (MSE) optimal bandwidths (Calonico et al. 
2017) with district and test fixed effect and cluster district for standard error. Each dot represents the 
average test score in a given bin of bin width one. Dashed lines represent linear fit and solid lines are 
quadratic fit. 
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Figure 3. 1: SMT Project Timetable 

 

Source: http://smt.ipst.ac.th/ and correspondence with program officials. 

 

Figure 3. 2: Population diagram 

 

           Chart A: Schools in Thailand     Chart B: Teacher in Treatment Schools 

Note: School statistic as of academic year 2019 when both batches were included in the project.    
          Teacher statistic from IPST as of early 2021. 
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Figure 3. 3: Average test scores of SMT and comparison schools before the project started 

. 

 

Note: Each dot represents the test-taker weighted average at school level of grade six and 
nine standardized scores. The scores were the average scores of mathematics and science. 
Solid and open dots represent the average scores of the treatment and control group, 
respectively.  
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Figure 3. 4: Effect sizes of SMT Project, base year 2015 

Panel A: Grade 6 Mathematics 

 

Panel B: Grade 6 Science 

 

Panel C: Grade 9 Mathematics 

 

Panel D: Grade 9 Science 

 

Note: School-level DID estimates based on equation (1) weighed by the number of test takers. 
SMT is a dummy for treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic 
year dummies. Panel A and Panel B used mathematics and science test scores of grade six students 
during 2015-2020. Panel C and Panel D used mathematics and science test scores of grade nine 
students during 2015-2020. The solid black dots represent the effect sizes while the horizontal 
lines cover 95% confidence interval values.  



109 
 

Figure 3. 5: Effect sizes of SMT Project, top vs bottom science schools, base year 2015 

Panel A: Top Science Schools, Grade 6 Mathematics 

 
Panel B: Top Science Schools, Grade 6 Science 

 
Panel C: Bottom Science Schools, Grade 6 Mathematics 

 
Panel D: Bottom Science Schools, Grade 6 Science 

 
Note: DID estimates on equation (1) weighed by the number of test takers. SMT is a dummy for 
treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic year dummies. Panel 
A and Panel B used mathematics and science test scores of grade six students in top science 
schools during 2015-2020. Panel C and Panel D used mathematics and science test scores of grade 
six students in  bottom science schools during 2015-2020. The solid black dots represent the effect 
sizes while the horizontal lines cover 95% confidence interval values.  
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Figure 3. 6: Effect sizes of SMT Project, top vs bottom math schools, base year 2015 
Panel A: Top Mathematics Schools, Grade 6 Mathematics 

 
Panel B: Top Mathematics Schools, Grade 6 Science 

 
Panel C: Bottom Mathematics Schools, Grade 6 Mathematics 

 
Panel D: Bottom Mathematics Schools, Grade 6 Science 

 
Note: DID estimates on equation (1) weighed by the number of test takers. SMT is a dummy for 
treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic year dummies. Panel 
A and Panel B used mathematics and science test scores of grade six students in top mathematics 
schools during 2015-2020. Panel C and Panel D used mathematics and science test scores of grade 
six students in bottom mathematics schools during 2015-2020. The solid black dots represent the 
effect sizes while the horizontal lines cover 95% confidence interval values.  
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Figure 3. 7: Effect sizes of SMT Project, top vs bottom science schools, base year 2015 
Panel A: Top Science Schools, Grade 9 Mathematics 

 
Panel B: Top Science Schools, Grade 9 Science 

 
Panel C: Bottom Science Schools, Grade 9 Mathematics 

 
Panel D: Bottom Science Schools, Grade 9 Science 

 
Note: DID estimates on equation (1) weighed by the number of test takers. SMT is a dummy for 
treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic year dummies. Panel 
A and Panel B used mathematics and science test scores of grade nine students in top science 
schools during 2015-2020. Panel C and Panel D used mathematics and science test scores of grade 
nine students in bottom science schools during 2015-2020. The solid black dots represent the 
effect sizes while the horizontal lines cover 95% confidence interval values. 
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Figure 3. 8: Effect sizes of SMT Project, base year 2016 

Panel A: Grade 6 Mathematics 

 
Panel B: Grade 6 Science 

 
Panel C: Grade 9 Mathematics 

 
Panel D: Grade 9 Science 

 
Note: DID estimates on equation (1) weighed by the number of test takers. SMT is a dummy for 
treatment school and a set of {2015, 2016, 2017, 2018, 2019, 2020} are academic year dummies. 
Panel A and Panel B used mathematics and science test scores of grade six students during 2015-
2020. Panel C and Panel D used mathematics and science test scores of grade nine students during 
2015-2020. The solid black dots represent the effect sizes while the horizontal lines cover 95% 
confidence interval values. 
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Figure 3. 9: Effect sizes of SMT Project, base year 2016 

Panel A: Top Science Schools, Grade 6 Mathematics 

 
Panel B: Top Science Schools, Grade 6 Science 

 
Panel C: Bottom Science Schools, Grade 6 Mathematics 

 
Panel D: Bottom Science Schools, Grade 6 Science 

 
Note: DID estimates on equation (1) weighed by the number of test takers. SMT is a dummy for 
treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic year dummies. Panel 
A and Panel B used mathematics and science test scores of grade six students in top science 
schools during 2015-2020. Panel C and Panel D used mathematics and science test scores of grade 
six students in  bottom science schools during 2015-2020. The solid black dots represent the effect 
sizes while the horizontal lines cover 95% confidence interval values.  
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Figure 3. 10: Effect sizes of SMT Project, original vs trimmed data 

Panel A: Grade 6 Mathematics 

 

Panel B: Grade 6 Science 

 

Panel C: Top Science Schools, Grade 6 Mathematics 

 

Panel D: Top Science Schools, Grade 6 Science 

 

Panel E: Bottom Science Schools, Grade 6 Mathematics 

 

Panel F: Bottom Science Schools, Grade 6 Science
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Appendix 

Table 2A- 1: Effects of ALS project on student performance (with test taker weight) 

Note: Linear and quadratic RD estimates on equation (1). All grades in all years use all test scores from 24  
 tests during 2017-2019. All grades in 2017 use the test scores from the 7 tests in 2017. All grades in 2018  
 use the test scores from the 9 tests in 2018. All grades in 2019 use the test scores from 8 tests in 2019.  
 Grade 1 all years use the test scores from the 4 tests during 2018-2019. Grade 3 all years use the test scores  
 from the 8 tests during 2017-2019. Grade 6 all years use the test scores from the 12 tests during 2017-2019. 
 Order refers to polynomial order and Dist. FE refers to district fixed effect. 
 

  

 Coef. Std.Err. [95%Conf.  Interval] Order Dist. 
FE 

Test 
FE 

Obs. 

All grade,  0.042 0.043 -0.042 0.126 1 Yes No 6915 
All year 0.027 0.041 -0.054 0.108 1 Yes Yes 6891 
 0.036 0.055 -0.072 0.143 2 Yes No 6343 
 0.005 0.047 -0.086 0.097 2 Yes Yes 6967 
All grade  0.078 0.052 -0.024 0.180 1 Yes No 2027 
in 2017 0.078 0.052 -0.025 0.180 1 Yes Yes 2027 
 0.004 0.050 -0.094 0.102 2 Yes No 2188 
 0.004 0.050 -0.093 0.102 2 Yes Yes 2188 
All grade  0.024 0.047 -0.069 0.117 1 Yes No 2436 
in 2018 0.022 0.048 -0.071 0.116 1 Yes Yes 2436 
 0.034 0.062 -0.087 0.155 2 Yes No 2661 
 0.021 0.064 -0.104 0.145 2 Yes Yes 2769 
All grade  -0.017 0.054 -0.122 0.088 1 Yes No 2248 
in 2019 -0.005 0.053 -0.109 0.098 1 Yes Yes 2180 
 -0.018 0.067 -0.130 0.151 2 Yes No 2340 
 -0.027 0.067 -0.158 0.104 2 Yes Yes 2332 
Grade 1 -0.039 0.127 -0.288 0.209 1 Yes No 1180 
 -0.035 0.129 -0.287 0.217 1 Yes Yes 1164 
 0.127 0.142 -0.151 0.406 2 Yes No 1288 
 0.133 0.143 -0.147 0.413 2 Yes Yes 1284 
Grade 3 0.026 0.077 -0.125 0.176 1 Yes No 2239
 0.026 0.077 -0.124 0.177 1 Yes Yes 2255 
 0.009 0.090 -0.167 0.185 2 Yes No 2543 
 0.005 0.090 -0.171 0.182 2 Yes Yes 2543 
Grade 6 0.032 0.033 -0.031 0.096 1 Yes No 2896 
 0.030 0.033 -0.033 0.094 1 Yes Yes 2896 
 -0.008 0.038 -0.082 0.066 2 Yes No 3900 
 0.007 0.038 -0.067 0.080 2 Yes Yes 3864 
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Table 2A- 2: First stage results (without test taker weight) 

Note: Linear and quadratic RD estimates on equation (2). All grades in all years use all test scores from 24  
 tests during 2017-2019. All grades in 2017 use the test scores from the 7 tests in 2017. All grades in 2018  
 use the test scores from the 9 tests in 2018. All grades in 2019 use the test scores from 8 tests in 2019.  
 Grade 1 all years use the test scores from the 4 tests during 2018-2019. Grade 3 all years use the test scores  
 from the 8 tests during 2017-2019. Grade 6 all years use the test scores from the 12 tests during 2017-2019. 
 Order refers to polynomial order and Dist. FE refers to district fixed effect. 
  

 Coef. Std.Err. [95%Conf.  Interval] Order Dist. 
FE 

Test 
FE 

Obs. 

All grade,  -0.834*** 0.057 -0.945 -0.723 1 Yes No 5287
All year -0.833*** 0.058 -0.946 -0.720 1 Yes Yes 5239
 -0.909*** 0.075 -1.056 -0.762 2 Yes No 8019
 -0.930*** 0.071 -1.069 -0.791 2 Yes Yes 7971
All grade  -0.838*** 0.055 -0.945 -0.730 1 Yes No 1558
in 2017 -0.837*** 0.055 -0.945 -0.730 1 Yes Yes 1558
 -0.927*** 0.072 -1.068 -0.787 2 Yes No 2846
 -0.927*** 0.072 -1.068 -0.787 2 Yes Yes 2846
All grade  -0.787*** 0.051 -0.888 -0.687 1 Yes No 2166
in 2018 -0.789*** 0.051 -0.889 -0.690 1 Yes Yes 2175
 -0.884*** 0.074 -1.029 -0.740 2 Yes No 2994
 -0.885*** 0.074 -1.029 -0.740 2 Yes Yes 2994
All grade  -0.809*** 0.057 -0.921 -0.698 1 Yes No 1676
in 2019 -0.814*** 0.055 -0.922 -0.706 1 Yes Yes 1692
 -0.905*** 0.070 -1.042 -0.767 2 Yes No 2544
 -0.911*** 0.070 -1.048 -0.773 2 Yes Yes 2560
Grade 1 -0.665*** 0.056 -0.774 -0.556 1 Yes No 1256
 -0.665*** 0.056 -0.774 -0.556 1 Yes Yes 1256
 -0.885*** 0.072 -1.025 -0.744 2 Yes No 1640
 -0.885*** 0.072 -1.025 -0.744 2 Yes Yes 1640
Grade 3 -0.776*** 0.052 -0.877 -0.675 1 Yes No 1927
 -0.775*** 0.051 -0.875 -0.675 1 Yes Yes 1935
 -0.872*** 0.073 -1.015 -0.730 2 Yes No 3007
 -0.874*** 0.073 -1.017 -0.732 2 Yes Yes 3015
Grade 6 -0.822*** 0.052 -0.925 -0.720 1 Yes No 2896
 -0.822*** 0.052 -0.924 -0.719 1 Yes Yes 2896
 -0.914*** 0.071 -1.052 -0.776 2 Yes No 3864
 -0.914*** 0.071 -1.052 -0.776 2 Yes Yes 3864
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Table 2A- 3: First stage results (with test taker weight) 

Note: Linear and quadratic RD estimates on equation (2). All grades in all years use all test scores from 24  
 tests during 2017-2019. All grades in 2017 use the test scores from the 7 tests in 2017. All grades in 2018  
 use the test scores from the 9 tests in 2018. All grades in 2019 use the test scores from 8 tests in 2019.  
 Grade 1 all years use the test scores from the 4 tests during 2018-2019. Grade 3 all years use the test scores  
 from the 8 tests during 2017-2019. Grade 6 all years use the test scores from the 12 tests during 2017-2019. 
 Order refers to polynomial order and Dist. FE refers to district fixed effect. 
  

 Coef. Std.Err. [95%Conf.  Interval] Order Dist. 
FE  

Test 
FE 

Obs. 

All grade,  -0.859*** 0.053 -0.962 -0.756 1 Yes No 6915
All year -0.854*** 0.053 -0.958 -0.750 1 Yes Yes 6891
 -0.911*** 0.072 -1.052 -0.769 2 Yes No 6343
 -0.981*** 0.073 -1.124 -0.839 2 Yes Yes 6967
All grade  -0.864*** 0.059 -0.980 -0.747 1 Yes No 2027
in 2017 -0.864*** 0.059 -0.980 -0.747 1 Yes Yes 2027
 -0.894*** 0.063 -1.017 -0.771 2 Yes No 2188
 -0.894*** 0.063 -1.017 -0.771 2 Yes Yes 2188
All grade  -0.782*** 0.054 -0.888 -0.675 1 Yes No 2436
in 2018 -0.782*** 0.054 -0.888 -0.675 1 Yes Yes 2436
 -0.961*** 0.071 -1.100 -0.822 2 Yes No 2661
 -0.929*** 0.075 -1.076 -0.783 2 Yes Yes 2769
All grade  -0.863*** 0.054 -0.969 -0.756 1 Yes No 2248
in 2019 -0.857*** 0.054 -0.963 -0.750 1 Yes Yes 2180
 -0.929*** 0.074 -1.073 -0.784 2 Yes No 2340
 -0.953*** 0.075 -1.101 -0.805 2 Yes Yes 2332
Grade 1 -0.753*** 0.056 -0.863 -0.643 1 Yes No 1180
 -0.753*** 0.056 -0.864 -0.643 1 Yes Yes 1164
 -0.964*** 0.068 -1.097 -0.830 2 Yes No 1288
 -0.962*** 0.068 -1.096 -0.829 2 Yes Yes 1284
Grade 3 -0.820*** 0.052 -0.923 -0.717 1 Yes No 2239
 -0.819*** 0.052 -0.922 -0.716 1 Yes Yes 2255
 -0.894*** 0.061 -1.014 -0.773 2 Yes No 2543
 -0.894*** 0.061 -1.014 -0.773 2 Yes Yes 2543
Grade 6 -0.818*** 0.067 -0.935 -0.700 1 Yes No 2896
 -0.817*** 0.060 -0.935 -0.700 1 Yes Yes 2896
 -0.965*** 0.067 -1.097 -0.834 2 Yes No 3900
 -0.953*** 0.067 -1.084 -0.822 2 Yes Yes 3864
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Table 3A- 1: SMT Online Training Session Schedule 

Start End Courses Batch Hours 

1-May-20 1-Jul-20 C4T-Computational Science (G1-G12) 1 - 

12-May-20 1-Jul-20 SMT Principal Training 1 - 

6-Jul-20 13-Sep-20 SMT Online 4 Skills (G1-G12) 1(2020) - 

21-Jul-20 29-Aug-20 SMT Principal Training 2 - 

1-Aug-20 31-Aug-20 Summative Assessment (Science) 1 - 
24-Aug-20 16-Oct-20 Biology (G10-G12)) 1 - 
1-Sep-20 1-Oct-20 Summative Assessment (Science) 2 - 

1-Sep-20 11-Nov-20 
Earth Science and Astronomy 
(Fundamental) 

1 20 

1-Sep-20 2-Nov-20 C4T Plus-KB-IDE 1 16 

  C4T Plus-MicroPython 1 16 
  C4T Plus-Python 1 16 

  C4T Plus-Scratch 1 16 

8-Sep-20 9-Nov-20 C4T Plus-KB-IDE 2 16 
  C4T Plus-MicroPython 2 16 
9-Sep-20 8-Oct-20 Coding for School Director (C4S) 1 12 
14-Sep-20 12-Oct-20 Biology (Grade12) 1 - 

18-Sep-20 2-May-21 Earth Science and Astronomy (Advanced) 1 18 

19-Sep-20 20-Nov-20 C4T Plus-KB-IDE 3 16 
  C4T Plus-MicroPython 3 16 
21-Sep-20 21-Nov-20 C4T Plus-Unplugged 2 (Secondary) 1 16 

21-Sep-20 26-Nov-20 C4T Plus-Unplugged 1 (Primary) 1 16 

26-Sep-20 19-May-21 Physics (Fundamental G10-G12) 1 - 
26-Sep-20 21-May-21 Physics (Advanced G10-G12) 1 - 
26-Sep-20 27-Nov-20 C4T Plus-KB-IDE 4 16 
  C4T Plus-MicroPython 4 16 

28-Sep-20 28-Nov-20 C4T Plus-Unplugged 2 (Secondary) 2 16 

28-Sep-20 3-Dec-20 C4T Plus-Unplugged 1 (Primary) 2 16 

1-Oct-20 2-Dec-20 C4T Plus-Data Science 1 16 

5-Oct-20 6-Dec-20 C4T Plus-Unplugged 2 (Secondary) 3 16 
  C4T Plus-Unplugged 1 (Primary) 3 16 
5-Oct-20 1-Dec-20 AI for School Level 1 1 8 
12-Oct-20 13-Dec-20 C4T Plus-Unplugged 2 (Secondary) 4 16 
  C4T Plus-Unplugged 1 (Primary) 4 16 
30-Oct-20 1-Jan-21 AI for School Level 2 1 8 

30-Nov-20 21-Jan-21 AI for School Level 3 1 8 

21-Dec-20 26-Feb-21 SMT Online 4 Skills (G1-G12) 1(2021) - 

Source: Gathering information from https://learn.teacherpd.ipst.ac.th/courses  
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Figure 2A- 1: Effect Sizes of Active Learning School Project, test taker weights 

 

Note: Linear and quadratic RD estimates on equation (1). All grades in all years use all test scores 
from 24 tests during 2017-2019. All grades in 2017 use the test scores from the 7 tests in 2017. 
All grades in 2018 use the test scores from the 9 tests in 2018. All grades in 2019 use the test 
scores from 8 tests in 2019. Grade 1 all years use the test scores from the 4 tests during 2018-
2019. Grade 3 all years use the test scores from the 8 tests during 2017-2019. Grade 6 all years 
use the test scores from the 12 tests during 2017-2019. 
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Figure 2A- 2: Impacts on school average test score 2017-2019, test taker weights 

 

 
Note: Bandwidths for these graphs are mean squared error (MSE) optimal bandwidths (Calonico et 
al. 2017) command with district and test fixed effect and cluster district for standard error. Each 
dot represents the average test score in a given bin of bin width one. Dashed lines represent linear 
fit and solid lines are quadratic fit. 
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Figure 2A- 3: The learning models/styles 

 
                  Figure A: Experiential                          Figure B: Problem-based                                           

  
           Figure C: Problem-based                         Figure D: Thinking-based 

Source: Active learning guideline by an ALS supervisor team with author’s translation 
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Figure 2A- 4: Example of graphic organizers 

 

 
                   Web                                     Mind Mapping                          Ranking Ladder 
 

     
           Circle Diagram                                Fish Bone                                    Diagram 
 

 
                   Table                                         Diagram                           Hamburger Approach 
 
  



123 
 

Figure 3A- 1: Effect sizes of Science Mathematics and Technology School Project 

Panel A: Grade 6 Mathematics 

 

Panel B: Grade 6 Science 

 

Panel C: Grade 9 Mathematics 

 

Panel D: Grade 9 Science 

 

Note: DID non-weighed estimates on equation (1). SMT is a dummy for treatment school and a 
set of {2016, 2017, 2018, 2019, 2020} are academic year dummies. Panel A and Panel B used 
mathematics and science test scores of grade six students during 2015-2020. Panel C and Panel 
D used mathematics and science test scores of grade nine students during 2015-2020. The solid 
black dots represent the effect sizes while the horizontal lines cover 95% confidence interval 
values.  
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Figure 3A- 2: Average test scores grouped by treatment status 

 
Note: Solid black dots represent average standardized test scores of the treatment group 
weighted using number of test takers in each school in each year. Open black dots represent 
average standardized test scores of control groups weighted using number of test takers in each 
school in each year. Panel A and Panel B show average standardized mathematics and science 
test scores of sixth-grade students. Panel C and Panel D show average standardized 
mathematics and science test scores of ninth-grade students.  
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Figure 3A- 3: Average test scores grouped by treatment status (without weight) 

 
Note: Solid black dots represent average standardized test scores of the treatment group 
weighted using number of test takers in each school in each year. Open black dots represent 
average standardized test scores of control groups weighted using number of test takers in each 
school in each year. Panel A and Panel B show average standardized mathematics and science 
test scores of sixth-grade students. Panel C and Panel D show average standardized 
mathematics and science test scores of ninth-grade students.  
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Figure 3A- 4: Effect sizes of SMT Project, top vs bottom science schools, base year 2015 

Panel A: Top Mathematics Schools, Grade 9 Mathematics 

 
Panel B: Top Mathematics Schools, Grade 9 Science 

 
Panel C: Bottom Mathematics Schools, Grade 9 Mathematics 

 
Panel D: Bottom Mathematics Schools, Grade 9 Science 

 
Note: DID estimates on equation (1) weighed by the number of test takers. SMT is a dummy for 
treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic year dummies. Panel 
A and Panel B used mathematics and science test scores of grade nine students in top mathematics 
schools during 2015-2020. Panel C and Panel D used mathematics and science test scores of grade 
nine students in bottom mathematics schools during 2015-2020. The solid black dots represent 
the effect sizes while the horizontal lines cover 95% confidence interval values. 
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Figure 3A- 5: Effect sizes of SMT Project, base year 2017 

Panel A: Grade 6 Mathematics 

 
Panel B: Grade 6 Science 

 
Panel C: Grade 9 Mathematics 

 
Panel D: Grade 9 Science 

 
Note: DID estimates on equation (1) weighed by the number of test takers. SMT is a dummy for 
treatment school and a set of {2015, 2016, 2017, 2018, 2019, 2020} are academic year dummies. 
Panel A and Pabel B used mathematics and science test scores of grade six students during 2015-
2020. Panel C and Panel D used mathematics and science test scores of grade nine students during 
2015-2020. The solid black dots represent the effect sizes while the horizontal lines cover 95% 
confidence interval values. 
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Figure 3A- 6: Effect sizes of SMT Project, top vs bottom science schools, base year 2017 

Panel A: Top Science Schools, Grade 6 Mathematics 

 
Panel B: Top Science Schools, Grade 6 Science 

 
Panel C: Bottom Science Schools, Grade 6 Mathematics 

 
Panel D: Bottom Science Schools, Grade 6 Science 

 
Note: DID estimates on equation (1) weighed by the number of test takers. SMT is a dummy for 
treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic year dummies. Panel 
A and Panel B used mathematics and science test scores of grade six students in top science 
schools during 2015-2020. Panel C and Panel D used mathematics and science test scores of grade 
six students in  bottom science schools during 2015-2020. The solid black dots represent the effect 
sizes while the horizontal lines cover 95% confidence interval values.  
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Figure 3A- 7: Effect sizes of SMT Project, top vs bottom science schools, base year 2016 

Panel A: Top Science Schools, Grade 9 Mathematics 

 
Panel B: Top Science Schools, Grade 9 Science 

 
Panel C: Bottom Science Schools, Grade 9 Mathematics 

 
Panel D: Bottom Science Schools, Grade 9 Science 

 
Note: DID estimates on equation (1) weighed by the number of test takers. SMT is a dummy for 
treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic year dummies. Panel 
A and Panel B used mathematics and science test scores of grade nine students in top science 
schools during 2015-2020. Panel C and Panel D used mathematics and science test scores of grade 
nine students in bottom science schools during 2015-2020. The solid black dots represent the 
effect sizes while the horizontal lines cover 95% confidence interval values. 
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Figure 3A- 8: Effect sizes of SMT Project, top vs bottom science schools, base year 2017 

Panel A: Top Science Schools, Grade 9 Mathematics 

 
Panel B: Top Science Schools, Grade 9 Science 

 
Panel C: Bottom Science Schools, Grade 9 Mathematics 

 
Panel D: Bottom Science Schools, Grade 9 Science 

 
Note: DID estimates on equation (1) weighed by the number of test takers. SMT is a dummy for 
treatment school and a set of {2016, 2017, 2018, 2019, 2020} are academic year dummies. Panel 
A and Panel B used mathematics and science test scores of grade nine students in top science 
schools during 2015-2020. Panel C and Panel D used mathematics and science test scores of grade 
nine students in bottom science schools during 2015-2020. The solid black dots represent the 
effect sizes while the horizontal lines cover 95% confidence interval values. 


