
 

ASSESSING THE EFFECTS OF THE WAGE SUBSIDY PROGRAM ON PRIVATE 

EDUCATION OUTCOMES IN SAUDI ARABIA 

 

 

A Thesis 

submitted to the Faculty of the 

Graduate School of Arts and Sciences 

of Georgetown University 

in partial fulfillment of the requirements for the 

degree of 

Master of Public Policy 

 

By  

Meshal A Alkhowaiter, B.S. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 ii 

Washington, DC  

April 15, 2020 

Copyright Meshal A Alkhowaiter.  

All rights reserved. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 



 iii 

ASSESSING THE EFFECTS OF THE WAGE SUBSIDY PROGRAM ON PRIVATE 

EDUCATION OUTCOMES IN SAUDI ARABIA 

Meshal A Alkhowaiter, B.S. 

Thesis Advisor: Professor Nada Eissa, Ph.D 

 
ABSTRACT 

 
To combat unemployment and support education, Saudi Arabia introduced a wage-subsidy 
program for teachers in 2012. The Teachers’ Wage Subsidy Program (TWSP) provided a 50 
percent wage subsidy for up to five years available to all private schools that hire new teachers.  
Higher wages are predicted to improve student performance through two channels: attracting 
better teachers into the market and incentivizing more effort.  This paper evaluates the impact of 
the wage subsidy on the academic performance of high-school students on standardized exams 
between 2015 and 2018. The take-up rate of subsidized teachers amongst private schools was 
nearly complete at 93%, but schools differed in terms of their subsidized faculty ratio. Therefore, 
I compare student outcomes in schools with a high ratio of subsidized faculty to schools with a 
low ratio of subsidized faculty. 
 
By 2017, approximately 1.1 million students were enrolled in private schools in Saudi Arabia, so 
the results should provide valuable insights into this understudied market. The fact that the 
subsidy targeted unemployed workers raises the prospect that selection may lead to lower-quality 
teachers entering the labor market.  The thesis attempts to speak to the selection story and 
suggests future work on the topic. 
 
 
 
 

 

 

 

 

 

 

 

 



 iv 

Acknowledgments 
 
I would to thank my advisor Professor Nada Eissa for her endless support and valuable feedback 

throughout this process. I would like to further thank Professor Barbara Schone (Georgetown 

University), Professor Harry Holzer (Georgetown University), and Professor Jennifer Peck 

(Swarthmore College) for their feedback and comments on my work. Additionally, I would like 

to particularly thank my peers at the McCourt School of Public Policy, Andrea Quevedo and 

Alex Richardson.  

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 



 v 

Table of Contents 
 

INTRODUCTION .......................................................................................................................... 1 
BACKGROUND ............................................................................................................................ 3 

LITERATURE REVIEW ............................................................................................................... 4 
WAGE SUBSIDY IMPACT ON EARNINGS AND EMPLOYMENT ......................................................... 4 
WAGE SUBSIDY EFFECTS ON UNSUBSIDIZED WORKERS .............................................................. 6 
EMPLOYERS AND THE SUBSIDIZED SECTOR ................................................................................. 7 

DATA ............................................................................................................................................. 9 
CONSTRUCTING THE THREE DATASETS ....................................................................................... 9 

EMPIRICAL METHODS ............................................................................................................. 10 
MODEL SPECIFICATIONS ............................................................................................................ 10 
SELECTION BIAS DISCUSSION .................................................................................................... 11 

RESULTS ..................................................................................................................................... 12 
MALE SCIENCE TRACK .............................................................................................................. 12 

OLS Model while Clustering at the School Level ................................................................ 16 
Testing for Homoscedasticity: Whether the Variance in Our Residuals Is Constant across 
All Data Points ...................................................................................................................... 17 
Capabilities Exam ................................................................................................................. 18 

FEMALE SCIENCE TRACK ........................................................................................................... 22 
Capabilities Exam ................................................................................................................. 24 

FEMALE SOCIAL SCIENCE TRACK .............................................................................................. 25 
OLS and Quantile Regression Model Specifications ............................................................ 25 
Capabilities Exam ................................................................................................................. 27 

COMPARING OLS AND QUANTILE REGRESSION MODELS FOR ALL GROUPS .......... 29 
POLICY IMPLICATIONS AND CONCLUSION ...................................................................... 36 
APPENDIX ................................................................................................................................... 38 

MERGING THE DATA .................................................................................................................. 38 
DETAILED CALCULATION ON THE IMPACT PER ADDITIONAL SUBSIDIZED TEACHER .................. 40 
DETAILED RESULTS FOR SIX MULTIPLE REGRESSION (OLS) MODELS ACROSS THE FOLLOWING 
GROUPS ..................................................................................................................................... 41 

REFERENCES ............................................................................................................................. 49 
 
 
 
  
 
 
 



 vi 

List of Figures  
 
Figure 1. Distribution of Scores Across Five Regions ................................................................. 14 
Figure 2. Distribution of Scores Across Private Schools in the Eastern Province ....................... 15 
Figure 3. Residuals vs. Fitted ........................................................................................................ 18 
Figure 4. Kernel Density Plot for Scientific Achievement Exam for Males ................................ 18 
Figure 5. Residuals vs. Fitted Scientific Capabilities Exam for Males ........................................ 21 
Figure 6. Kernel Density Plot for Scientific Capabilities Exam for Males .................................. 21 
Figure 7. Kernel Density Plot Scientific Achievement Exam for Females .................................. 23 
Figure 8. Kernel Density Plot for Scientific Capabilities Exam for Females ............................... 25 
Figure 9. Kernel Density Plot for Social Science Achievement Exam for Females ..................... 27 
Figure 10. Kernel Density Plot for Social Science Capabilities Exam for Females ..................... 28 
Figure 11. Residuals vs. Fitted Plot for Scientific Achievement Exam for Males ....................... 30 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 vii 

List of Tables 
 
Table 1. Achievement Exam, Scientific Track for Males ............................................................. 16 
Table 2. Capabilities Exam, Scientific Track for Males ............................................................... 20 
Table 3. Achievement Exam, Scientific Track for Females ......................................................... 23 
Table 4. Capabilities Exam, Scientific Track for Females ........................................................... 24 
Table 5. Achievement Exam, Social Science Track for Females ................................................. 26 
Table 6. Capabilities Exam, Social Science Track for Females ................................................... 28 
Table 7. OLS Versus Quantile Regression, Achievement Exam for Males Science Track ......... 29 
Table 8. OLS Versus Quantile Regression, Capabilities Exam for Males Science Track ............ 31 
Table 9. OLS Versus Quantile Regression, Scientific Achievement Exam for Females ............. 32 
Table 10. OLS Versus Quantile Regression, Capabilities Exam for Females Science Track ...... 33 
Table 11. OLS Versus Quantile Regression, Achievement Exam for Females Social Science ... 34 
Table 12. Capabilities Exam, Social Science Track for Females ................................................. 35 



 1 

Introduction 
 

The Teachers’ Wage Subsidy Program (TWSP) has covered more than 100,000 teachers in Saudi 

Arabia between 2011 and 2015, a staggering 50% of new workers in the education sector (Annual 

Labor Force Survey, 2011). At an estimated total cost of nine billion Saudi Riyals, the subsidy 

amounts to an annual cost of 30,000 riyals per teacher (8K USD), or $32,000 per teacher between 

2011 and 2015. 

 

Furthermore, the Teachers’ Wage Subsidy Program is the second-largest welfare program in the 

country in terms of expenditures and the number of participants. In fact, at its peak in 2013, the 

annual cost of the TWSP reached  3.15 billion Saudi Riyals ($840,000 million). This is lower than 

the largest program, Hafiz, which costs 5.2 billion Saudi Riyals per year (Aleqtesadia, 2017). The 

aforementioned figures raise crucial questions on the program’s impact throughout different 

sectors and on several stakeholders. More specifically, the lack of program evaluation and its likely 

effects on education and the labor market appears astonishing given the following factors: the 

financial cost of the program, the program’s impact on the supply of teachers within a short period, 

and the share of spending that Saudi families spend on private education. Prior literature on the 

evaluation of wage subsidy programs has revolved around two major areas. First, a larger number 

of studies have focused on the direct effects of wage subsidy programs by measuring a program’s 

impact on the earnings and employment of subsidized workers. Second, a growing yet smaller 

body of literature focuses on the indirect effects of wage subsidies, such as their impact on 

unsubsidized workers and the profits of the firms that hire subsidized employees.  

 

This thesis examines the impact of wage subsidies for teachers in Saudi Arabia on the academic 

performance of students in private schools. There are 1792 private schools across the country, and 

53% of which are for females. The number of schools offering a Scientific track in high school is 

1459 or 81% of total private schools, while the remaining offer a Social Science track. The ratio 

of private schools offering a Social Science track is significantly lower among males. For instance, 

only 3% of male private schools provide a Social Science education in high school, compared to 

32% of female private schools.  
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Specifically, the analysis in this thesis will use the ratio of subsidized teachers in a given 

educational track and school as a proxy for the impact of the subsidy program. Performance, on 

the other hand, is measured using two standardized exams: the Achievement and Capabilities 

exams. The first exam, Achievement test, is a subject-based exam that is given and must be taken 

only once by students at the end of grade 12th. While the Capabilities test is an exam measuring 

general qualitative and quantitative skills for students, and it can be taken once every semester in 

grades 11th and 12th, with a maximum of 4 attempts. 

 

The next section reviews the Teacher Subsidy program and presents an overview of the education 

sector in Saudi Arabia.  Section III reviews the relevant literature and the policy debates over the 

effectiveness of wage subsidy programs. Section IV reviews the data used and describes the three 

main datasets in the paper, as well as a discussion over the limitations and challenges in combing 

the three datasets. Section V presents a discussion of the empirical methods applied in the paper 

and how potential concerns over self-selection bias into the program were addressed. Section VI 

reviews the empirical results in the paper using OLS and quantile regression models. The results 

section further presents several regression diagnostic tests implemented to check for the normality 

of the residuals and homoscedasticity. Finally, section VII presents the main findings of the paper, 

the policy implications, and the value it adds to the literature on wage subsidy programs. 
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Background 
 

The Teachers’ Wage Subsidy Program (TWSP) has covered xx teachers in Saudi Arabia at an 

estimated cost of 8 to 10 billion Saudi Riyals between 2012 and 2017. The program was part of a 

larger welfare package that included eight other programs to tackle unemployment in general with 

a particular focus on youth, as the unemployment rate was 28.7% at the time (World Bank, 2011). 

 The idea of the program was initiated on February 24th, 2011, when the late King Abdullah issued 

the Royal Decree ( 30 / أ ) acknowledging that youth unemployment is both a serious issue and that 

it is a top government priority to address it urgently (Royal Decree 31/ 2011 ,أ ).  The King 

specifically delegated this task to the two government agencies, the General Organization for 

Social Insurance and the Human Resources Development Fund (HRDF). On March 19th, 2011, 

the late King Abdullah issues the Royal Decree ( 61 /أ ), which further orders the Ministry of Labor 

(currently named Ministry of Human Resources and Social Development), to research and look 

for long-term solutions for unemployment. More importantly, it specifically states that all job 

seekers, both in the private and public sectors, will receive 2000 Riyals per month until a specific 

program is implemented to solve unemployment amongst teachers. The Royal Decree ( 61 /أ ), 

further demands that Hafiz Unemployment benefits shall start as early as November 27th, 2011, 

which is the first day of the year, 1333 Hijri (Royal Decree 61/2011 ,أ). 

 

The program officially launched on September 8th, 2012, with a simple schema, all participating 

schools are mandated to pay workers 5,600 Saudi Riyals per month, with the HRDF covering 

2,500 Riyals, and the school bearing the remaining 3,100 Riyals, and 600 of which is designated 

as a transportation allowance. The 600 Riyals transportation support was a key and significant 

development at the time given that females could not drive then and that the program was aimed 

at inducing more females to join and remain in the job market (Aleqtesadia, 2012). 

 

In 2011, just a year before the launch of the Teachers’ Wage Subsidy Program, there were roughly 

one million workers in the whole education sector, including both private, public schools, and 

administrators (Annual Labor Force Survey, 2011). By 2015, the figure reached 1.2 million 

workers (Labor Force Survey, Q1 2015). The Teachers’ Wage Subsidy Program alone added 

105,000 workers to the sector during the same period. In other words, the subsidy program is 
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responsible for 50% of the change in the number of workers between 2011-2015. The program’s 

impact in terms of increasing the labor supply in the private education sector was thus 

unsurprisingly more significant. While baseline figures for the number of teachers in the private 

sector in 2011 are unavailable, it is estimated that by 2015 there were 540,000 workers in the 

private education sector, and 105,000 of whom were subsidized workers. This approximately 

translates to 20% of the overall industry or one subsidized teacher per 5 workers in the private 

education sector. In 2016 alone, 35% of expenditures on education by Saudi households was spent 

on sending their children to private schools with the primary goal of providing them with higher 

quality education (Education and Training Survey, 2017). During the same year, the average 

annual cost of private schools in Saudi Arabia was approximately 16,500 Riyals ($4.4K).  

 

Additionally, by 2017, there were 7.7 million students enrolled in schools in Saudi Arabia, and 

13% of which were enrolled in private schools (Alwattan, 2018). The majority of students studying 

in private schools, however, were enrolled at institutions that provide a Scientific track in high 

school, and those schools compose 81% of total private schools in the country. The small private 

market of schools that offer males a Social Science education is because public schools, and 

particularly those that emphasize a Quran and Islamic-based education, thus families have little 

incentive to spend on a private Social Science education. For instance, in 2018, all of the top ten 

performing schools in Social Science standardized exams were public schools that offer a Quran 

intensive curriculum (Tawasul, 2018).  

 

Literature Review 
 

Wage Subsidy Impact on Earnings and Employment 
 

The literature evaluating the employment and earnings impacts of wage subsidy programs has been 

extensive. Prominent papers in the field include Perloff and Wachter 1979, L. Katz 1996, Stephan 

2010, and Huttunen, Pirttilä, and Uusitalo 2013.  

 

The Perloff et al. 1979 paper, evaluates firms’ hiring responses to the New Job Tax Credit of 1977. 

Specifically, the authors use employer-survey data conducted by the Bureau of the Census, in 
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which firms were asked whether they knew about the credit, and they intend to utilize it. 

Additionally, the employer-survey data allows the authors to distinguish between the 

characteristics of firms that participated in the program and those that did not. The ETC subsidy 

schema has three key elements: First, the subsidy is paid to employers; hence, it shifts the derived 

demand curve rather than directly altering labor supply. Second, the subsidy amount is capped at 

$2100 or 50% of total wages. Third, the subsidy and program ran for two-years only. 

 

The authors find that roughly 90 percent of the firms that were aware of and benefited from the 

subsidy had 500 or more workers. Additionally, the authors found that such firms increased 

employment by roughly 3%; however, the authors acknowledge major concerns over selection 

bias. For instance, the firms that choose to participate in the program were not selected randomly, 

and thus the results lack external validation. In other words, descriptive statistics of firms’ 

characteristics suggest that firms participating in the ETC program differ substantially, in terms of 

size and industry than other nonparticipating firms. The authors conclude that given the evidence 

that the ETC subsidy increases employment, the Department of Labor should consider a permanent 

program aimed at the firms that hired subsidized workers. 

 

The Kristiina Huttunen et al. (KH et al.) 2013 paper evaluates the impact of wage subsidies in the 

form of a payroll tax reduction in Finland, on the wages and employment rate of the target group. 

The wage subsidy was particularly aimed at firms employing full-time, low-wage, low-skill, and 

old workers. The authors illustrate that there is a general consensus in the literature on the 

hypothesis that a wage subsidy to employers is more effective than an equivalent tax cut to 

workers, particularly in markets where a minimum wage or labor union prevents a downward 

adjustment of wages. This is because a wage subsidy reduces labor costs, thus stimulating demand 

for additional workers. KH et al. argue, however, that the former hypothesis on supply-side wage 

subsidies has not been tested empirically.  

 

The subsidy design targets individuals who are: 54 years or older, full-time, earn between $988 to 

$2,200 per month. Given the subsidy criteria, the authors use a Diff-in-Diff-Diff approach to 

compare the treatment group to several groups that are not eligible for the subsidy, using 

longitudinal individual-level data. The first comparison group is composed of individuals who are 
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> 54 years old, and where over 50% of workers earned below $2,200 per month. Furthermore, the 

authors compare employment rates for both groups 2-years before and after the wage subsidy. 

Interestingly, employment rates increased amongst both treatment and comparison groups, but the 

rise in employment is statistically significant and higher within the targeted group. Specifically, 

the Diff-in-Diff approach suggests a one percentage point increase in the employment rate for 

those who are 54 years or older. 

 

The second comparison group is composed of all individuals who are also less than 54 years old 

regardless of their wage, and the treatment now also includes workers who are 54 years or older. 

Again, the authors found a rise in employment rates post-treatment for both groups, but a much 

smaller positive effect of the subsidy of 0.5 percentage points. Therefore, employment rates 

increased for all older workers, and not just within individuals earning less than $2,200 per month. 

Finally, the authors conclude that while the Diff-in-Diff approach shows that the program had a 

statistically significant and positive effect, it is unclear whether the program had a practically 

meaningful impact on the target group. 

 

Wage Subsidy Effects on Unsubsidized Workers 
 

A growing, albeit less extensive body of literature, evaluates the displacement effects on 

unsubsidized workers. This work has attempted to formulate an effective wage subsidy approach 

comparing, for example, direct cash vouchers to workers versus tax credits to employers (Burtless, 

Gary 1985, Bishop et al. 1993, and Robertson, Heather 1994). 

 

The Burtless 1985 paper analyzes the impact of a targeted wage subsidy on the employment 

outcomes of the control group, compared to two similar comparison groups. The author evaluates 

the labor market outcomes of three groups of job seekers that were randomly selected: 

 

1- Group one received a wage subsidy in the form of a tax credit voucher whereby individuals 

were instructed to directly inform potential employers that they are “subsidy-eligible,” by 

the Department of Labor. The tax credit per subsidized worker is capped at 50% of wages 

or a $3,000 maximum subsidy amount per year. 
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2- Group two received a wage subsidy through a direct cash rebate, which is similar to the 

Teachers’ Subsidy Program in Saudi Arabia. This is because employers hiring individuals 

in the second group receive a subsidy regardless of whether they have a tax liability.   

3- The comparison group received no wage subsidy. 

 

Burtless 1985 finds that the job placement rate was the highest for the control group at 21%, 

compared to 13% amongst the first group, where individuals informed firms about their subsidy 

eligibility. The placement rate was also poor amongst the second group with cash rebates, at 

12.5%.  The author concludes employers perceived workers who received a wage subsidy 

regardless of the payment method, as of “less quality” because they could not compete in the labor 

market without the subsidy (Burtless, 1985). 

 

Stephan (2010) focuses on evaluating the long-term impact of wage subsidies on earnings using a 

difference-in-difference analysis of the wages of subsidized workers.  The paper specifically 

investigates whether workers matched using a propensity score matching approach to otherwise 

similar unsubsidized workers earned higher or lower wages after the program. The author finds 

that in the short-term, the impact of the wage subsidy is not significant in terms of earnings and 

employment prospects. Nevertheless, in the long-run, subsidized workers earned significantly 

higher wages than their similar unsubsidized counterparts (Stephan, 2010). 

 

Employers and the Subsidized Sector 
 

However, little attention in the literature has been given towards evaluating the impact of wage 

subsidy programs on employers hiring subsidized workers, and whether firms hiring subsidized 

workers are distinctively different from other employers not using the subsidy. 

 

The Bellmann and Stephan 2014 paper takes a new approach towards understanding the impact of 

wage subsidy programs. Specifically, the paper looks at the characteristics of firms hiring 

subsidized workers in Germany. The paper addresses crucial questions such as whether the 

establishments that hire subsidized workers are inherently different from other employers in terms 

of firm size, sector, and growth. The paper further investigates whether such employers are more 
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likely than other employers to also utilize other job-support programs provided by the German 

Federal Employment Agency. The authors’ findings suggest that firms’ use of wage subsidy 

programs is associated with both firm size and specific sectors of the economy. For instance, firms 

with 500 or more employees, were 20 percent more likely to utilize and hire subsidized workers 

than both firms with 100-499 employees and firms with 20 or fewer employees, holding all other 

variables equal (Bellmann et al. 2014) 

 

Another paper, Lombardi, Skans, and Vikstrom 2018, focuses on evaluating wage subsidy 

programs in Sweden and tests whether firms hiring subsidized workers differ from other firms. 

However, rather than primarily focusing on the characteristics of firms hiring subsidized workers 

and comparing it to other firms as in Bellmann et al. 2014, the Lombardi et al. 2018 paper looks 

at firms’ outcomes. The firms’ outcomes are measured in terms of profits and productivity per 

worker, before and after introducing the wage subsidy program. Additionally, the authors 

evaluated the outcomes of firms in the treatment group, with otherwise similar firms in terms of 

size, industry, and workers’ skill level, and they find a statistically significant positive effect on 

profits. Furthermore, the authors found that firms hiring subsidized workers witnessed a 

statistically significant increase in their productivity per worker of 3% even after 3 to 5 years since 

hiring a subsidized worker (Lombardi et al. 2018). 

 

This finding has two policy implications. First, the rise in the productivity per worker in the long-

run amongst firms using the subsidy demystifies a common concern among some employers that 

subsidized workers could have a negative effect on productivity. Second, the authors’ results here 

are particularly crucial because the increased productivity per worker occurs although subsidized 

workers were at the time of their hiring on average, twice as long in their unemployment duration 

than unsubsidized workers in the comparison firms’ group. Therefore, given that the subsidized 

workers were on average, out of the labor market for a longer time period than other unemployed 

workers in the comparison group, one may have reasonably hypothesized before the program’s 

start, that subsidized workers will have an adverse impact on their employers’ productivity 

(Lombardi et al. 2018). 

  



 9 

Data  
 

The data used in the paper uses three main administrative datasets. First, the Teachers’ Wage 

Subsidy Program (TWSP) is an administrative dataset that contains individual-level information 

on all program participants, including characteristics such as participant’s gender, age, and 

educational qualifications. Second, nationwide standardized test scores (Qiyas) for the 

Achievement and Capabilities exams per educational track (i.e., Scientific or Social Science) and 

per gender for each school-level. Third, an annual dataset, Distribution of Teachers (DoT), by the 

Ministry of Education on the number of teachers per school, educational track, gender, and per 

nationality.  

 

Constructing the Three Datasets 
 

The aforementioned three data sources are all administrative datasets, and thus basic variables that 

are necessary to conduct my empirical analysis in this paper were not originally available. Instead, 

I derived certain covariates such as each teacher’s age at enrollment in the program or teachers’ 

experience per school with the assumption that information provided by other existing variables 

in the original TWSP administrative dataset is accurate and reliable. The ratio of subsidized 

teachers was constructed using the number of subsidized teachers per educational track and 

gender at each school from the TWSP dataset in the numerator, while the denominator was derived 

from the DoT dataset by the Ministry of Education. Other variables, such as teachers’ experience 

and average wages per educational track, were generated by using data from both the TWSP 

dataset to obtain monthly wages per teacher as well as the Qiyas dataset to obtain information for 

each educational track and gender group per school. Additionally, a detailed discussion on the 

challenges with merging the data is provided in the appendix.  
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Empirical Methods  
 
The analysis examines the concentration of subsidized teachers in a school on the academic 

performance of students, using the share of teachers that are subsidized as a proxy.  

 

Model Specifications 
𝑦"# = 	𝛼 + 𝛽𝑟"# + 𝛿𝑋"# + 𝜀"# 

 
where 𝑠 refers to school and 𝑙 to the locality, 𝑦 is the average test score at the school level, 𝑟 the 

ratio of subsidized teachers and 𝑋 is a set of school characteristics (wage and teacher 

experience).  

 

Across all gender and education track groups, I will be applying the following approach with the 

OLS regression and quantile regression (QR) models.  First, I will be approximating the impact 

of teachers’ experience on outcomes by restricting the average years of experience variable by 

only using the subsidized teachers’ experience in the Scientific track, rather than the whole 

school.  Second, for the OLS regression and QR models on the Scientific Capabilities exam, I 

will be approximating teachers’ experience based on the average years of subsidized teachers’ 

experience in the overall school, rather than merely teachers in the Science track. Again, this is 

because I assume that the average years of experience for subsidized teachers in the whole high 

school, rather than only for teachers in the Science track, may affect students’ outcomes in the 

Capabilities exam as it tests students on core skills such as reading, critical thinking, and 

foundational quantitative knowledge. 

 

Furthermore, my measure of the ratio of subsidized teachers is calculated as follows: 

 

[Subsidized High School teachers/Total teachers in the entire school] 

 

However, ideally, this measure would be calculated with the total number of HS teachers only, 

rather than the entire school as follows: 

 

[Subsidized High School teachers/Total High School teachers] 
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Specifically, if the concentration of subsidized teachers in high school is generally higher than 

that of the overall school, then we are currently underestimating the impact of subsidized 

teachers on students' outcomes. This is because the denominator in our current measure is larger 

than the denominator we would use in an ideal measure. On the other hand, if the distribution of 

subsidized teachers in HS, is similar to the distribution of subsidized teachers in the overall 

school, then we should not be concerned about a possible measurement error. 

 

Selection Bias Discussion 
 

In the three largest regions in terms of schools, students, and subsidized teachers – Riyadh, Makkah 

AlMukarramah, and the Eastern Province – roughly 98% of all private schools participated in the 

TWSP. This reduces concerns over selection bias as these three regions combined represent 77% 

of all program participants and 81% of all private schools. Further, the schools that did not 

participate are not observationally different from those that hire subsidized teachers.  

 

One potential self-selection bias concern is that schools that participated in the program are not 

the top-performing private school because prestigious and reputable schools are not interested in 

hiring a subsidized teacher who presumably could not land a teaching job in the private or public 

sectors, absence this subsidy. The direction of this selection bias would be biasing the effect of the 

ratio of subsidized teachers on students’ outcomes, downwards, or negatively. This is because we 

might observe that schools did not perform well in standardized exams not because they have a 

higher ratio of subsidized teachers, which is the effect that we are trying to estimate, but rather 

because such schools were not high performing ones before the program. However, while this is a 

valid selection bias concern, there is no evidence of such a pattern. In fact, all of the top 10 

performing schools, regardless of the type of exam (i.e., Achievement or Capabilities), gender, and 

educational track (i.e., Scientific or Social Science), have participated in the Teachers’ Wage 

Subsidy Program TWSP.  

 

Another possible self-selection bias concern is that non-participating schools in the TWSP were 

mostly the worst-performing schools (i.e., in the bottom 5th percentile of the exam scores 

distribution), which would thus bias the impact of subsidized teachers upwards or positively. This 
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is because it would imply that well-performing schools have self-selected into our population of 

TWSP, thus diluting the likely negative effects of subsidized teachers. However, while this 

concern is also valid, there is no evidence of a pattern that low performing schools not participating 

in the program (See histogram and Kernel density plots of score distribution in the Appendix). 

Finally, due to the nature of the program’s requirements, both the school and the teacher must 

agree to sign a contract, a reasonable concern would be that teachers self-select into particular 

regions or urban cities that are perceived as, “more desirable” areas across the country. 

Unfortunately, there is some evidence that private schools in rural areas did not participate in the 

TWSP, and because such schools generally underperform the region’s average and median scores, 

this raises the potential of positive selection bias in the total population of schools in the TWSP. 

However, it is unclear whether such schools in rural areas were not aware of the program or 

whether teachers have generally avoided working in these remote geographic areas. It is important 

to note, however, that non-participating schools in rural areas did not exhibit characteristics that 

are not different from other participating rural area schools.   

 

In conclusion, despite the aforementioned discussion challenges with the three administrative 

datasets, they are also a source of great strength in this paper as I essentially have the entire 

population for all of my populations of interest. 

 

Results 
 

The multiple regression results will be presented as follows: 

1. Male Science Track, Achievement, and Capabilities Exams. 

2. Female Science Track, Achievement, and Capabilities Exams. 

3. Female Social Science Track, Achievement, and Capabilities Exams. 

 

Male Science Track 
 
The first OLS results in column 2 of Table 1, where I only control for regions and the teachers’ 

gender, shows a negative coefficient on our primary x, the ratio of subsidized teachers in a school, 

of 2.137 and the result is statistically significant given that our p-value is less than 0.001. In other 

words, a one percentage point increase in the ratio of subsidized teachers in the Scientific track for 
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males is associated with a roughly 2.13 points reduction in their Achievement exam scores. At the 

mean ratio of 64%, this change amounts to a 0.15% increase in the ratio of subsidized teachers. In 

other words, the estimated impact of one additional subsidized teacher would be reducing exam 

scores by 1.136 points in the Scientific Achievement exam.  

Furthermore, for a school at the 25th percentile with 59 teachers, adding one subsidized teacher is 

associated with a 4.26 points reduction in exam scores. 

 

The results here are further practically significant as several participating schools in the program 

increased the number of subsidized teachers at their school by 20 to 30% annually between 2012 

and 2014, and in regions such as Najran, schools continued to increase their subsidized teachers 

significantly per year until 2017, where the median ratio of subsidized faculty in a given school 

reached an astonishing 94% (See Appendix B for detailed figures across regions, cities, and 

villages). This trend raises questions on whether over time, the program had caused a displacement 

effect for teachers who were initially employed at these schools, which is beyond the scope of the 

paper, but I will briefly discuss in the following policy implications section.  

 

In column 3, I add a more granular geographic measure that includes all towns in Saudi Arabia, 

which doubles our adjusted R-squared from 0.149 to .308. This is likely because this variable is 

allowing us to capture differences in school performance on standardized exams, due to variation 

in unobservable factors such as socioeconomic status or school resources, within towns of the same 

region.  

 

Furthermore, in column 2 when I only control regions, the coefficient on the highest performing 

region, the Eastern Province, shows a statistically significant and positive coefficient of 10.3 at the 

0.001 p-value level. However, after controlling for all towns, we see drastic variation amongst 

urban versus rural towns, within the same region (See figures 1 and 2 below for the Eastern 

Province). For instance, the highly educated and affluent city of Khobar has a positive and 

statistically significant coefficient of 18.2, while that of rural town of Hafr AlBatten is negative at 

8.4. This essentially means that being in a private school in Khobar that teaches males in the 

scientific track is associated with a 18.2 points increase in the Achievement exam. 
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Figure 1. Distribution of Scores Across Five Regions 
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Figure 2. Distribution of Scores Across Private Schools in the Eastern Province 

In column 5, I add controls for each teachers’ age at enrollment in the Teacher’s Subsidy Program, 

which is a proxy measure for experience. I also control for average years of teachers’ experience 

at the education specific track where the students are enrolled. This is based on the assumption 

that as the average years of experience for subsidized teachers rises, we should expect an increase 

in exam scores. I specifically restrict this variable to teachers’ experience per track where 

subsidized teachers teach science subjects such as chemistry and biology, rather than the overall 

school, because the achievement exam is a subject-based exam so any effect of teachers’ 

experience on student performance should only occur through students’ exposure to subsidized 

science teachers. 

 

The model provides evidence on this correlation as the covariate on years of teachers’ experience 

is positive and statistically significant at approximately 1.6. The result here suggests that a one 
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year increase in the average years of subsidized teachers’ experience in a school’s scientific track 

is associated with a 1.6 point increase in exam scores.  

 
Table 1. Achievement Exam, Scientific Track for Males 

 Basic Regression Region 
Controls 

Cities 
Controls 

Teachers’ 
age 

 Teachers’ 
experience 

Constant 65. 991***             61.929*** 65.983*** 64.923 
*** 

59.561 
*** 

      Ratio of subsidized  
teachers 

-2.106*** 
 
-  2.137*** 

 
-1.7730*** 

 
-1.771*** 

 
-1.832 

*** 
 

Male teacher‡  -3   .586*** -2.519*** -2.401*** -0.473 
*** 

Teachers’ age at  
enrollment 

 

   0.01** 0.000 

    Experience science  
track for males 

 

    1.581 
*** 

R2 

 
  0.1078 0.15 0.309 0.3101 0.3468 

      Adjusted R-squared    0.149 0.308 0.3083 0.345 
      

Observations 36,324 
Notes:  Data: Teachers’ Wage Subsidy Program (TWSP), Qiyas, and Ministry of Education 
datasets, 
Variable definitions:  
Teachers’ experience here refers to average years of teachers’ experience only in the Scientific 
track 
‡ Male teacher here refers to a small number of international private schools where students were 
taught by a teacher of the opposite gender. 
Significance. codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1  

 

 OLS Model while Clustering at the School Level 
 

Recent papers by Abadie et al. (2017) and Mckenzie 2017,  propose clustering for standard errors 

only if the two following conditions apply. First, a sampling design error, which occurs when we 

sample from a population using clustered sampling, yet we would like to make broader conclusions 

about the entire population. Second, an experimental design reason, where the assignment criteria 

for the causal treatment of interest is clustered at the region or firm level. In this paper, the first 
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reason does not apply as I am using the total population of subsidized teachers and private school, 

rather than sampling them. However, the second reason for clustering for standard errors is relevant 

as the treatment has been assigned at the school level, so I ran the same OLS model while clustering 

for standard errors at the school level. 

  

The detailed results are included in the appendix, however, the coefficient on the primary x, ratio 

of subsidized teachers, remains statistically significant at the 0.01 p-value level, rather than at 

0.001, as produced by the earlier OLS model.  

 

Testing for Homoscedasticity: Whether the Variance in Our Residuals Is Constant across All 
Data Points 
 
The plot below suggests heteroskedasticity in the data, or that the variance is not constant across 

all data points. Therefore, I will be correcting for the heteroskedasticity, with the 

heteroscedasticity-consistent HC3, using techniques from prior studies (Zeiles, 2004).This 

correction will make my estimates more conservative as it produces larger standard errors, thus 

making it harder to find statistically significant results as discussed in Rodrigues (2018) and 

Angrist et al. (2008). After correcting for heteroskedasticity, the standard errors increase, but none 

of the results changes in terms of statistical significance.  

 OLS 

Constant 59.561*** 

Ratio of subsidized teachers -1.83* 
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Figure 3. Residuals vs. Fitted 

 
Figure 4. Kernel Density Plot for Scientific Achievement Exam for Males 

 
 
Capabilities Exam 
 
The first OLS results in column 2 shows a negative coefficient of approximately 1.41 on the ratio 

of subsidized teachers and the figure is statistically significant given that our p-value is less than 

0.001. In columns 3 and 4, I add controls for all 72 towns across the country and teachers’ age at 



 19 

enrollment in the program, based on prior literature that finds a positive correlation between higher 

teacher experience and students’ educational outcomes in Croninger, Rice, Rathbun (2007), Haung 

and Moon (2009), and Rice (2010). As in the OLS model on the subject-based, Achievement exam, 

the coefficients are mostly not statistically significant or show minimal impact on students’ exam 

scores. While this finding is not consistent with previous studies, it is a reasonable finding within 

the context of the Teachers’ Subsidy Program. This is because we know that the population of 

subsidized teachers differs from the remaining teacher population in the following, they 

presumably were not able to land a teaching job in neither the public nor the private sector absence 

wage subsidy program. Accordingly, even though the mean age of a teacher participating in the 

program is 26 years old and the median is 27.5 years old, this may not necessarily mean that all 

subsidized teachers had extensive teaching experience before joining the program, thus explaining 

why this covariate shows no impact on exam scores. The coefficient on the ratio of subsidized 

teachers remains in the same direction and increases slightly in magnitude at roughly -2.0. The 

coefficient suggests a 10% increase in the ratio of subsidized teachers in a school, is associated 

with a 2 points reduction in the capabilities exam scores, which tests core skills reading, writing, 

and math skills. 

 

In column 5, I control for the average years of teachers’ experience per school, and this differs 

from the variable used in the OLS models for the achievement exam in that it captures average 

experience in the whole school, rather than a particular track. Again, this is based on the rationale 

that because the Capabilities exam tests students’ on general writing, reading, and math skills, but 

not specific subjects, I assume that any exposure to subsidized teachers regardless of the subject 

taught would have an impact on outcomes. The coefficient on teachers’ average experience per 

school is positive and statistically significant as the p-value is less than 0.001. This further indicates 

that a one increase in teachers’ experience per school, is correlated with an approximately 1 point 

increase in exam scores. 
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Table 2. Capabilities Exam, Scientific Track for Males 

Variable definitions:  
Teachers’ experience here refers to average years of teachers’ experience in the whole school, 
rather than a particular track. 
‡ Male teacher here refers to a small number of international private schools where students were 
taught by a teacher of the opposite gender. 
Significance. codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1  

 

 

    Basic Region 

Controls 

Cities 

Controls  

teachers’ 

age  

teachers’ 

experience  

per school 

Constant 70.836*** 69.939 

  

  

74.104 

*** 

73.53 

*** 

70.2*** 

  

Share of subsidized 

teachers 

-1.314*** -1.405*** -1.188 

*** 

-1.198 

*** 

-1.2 

*** 
  

Male   -3.002 

*** 

-2.122 

*** 

-2.058 

*** 

-0.84*** 
  

Teachers’ age at 

enrollment 

      0.01*   

0.01* 
  

Average years of 

teachers’ 

experience per 

school 

        0.961*** 

  

R2 0.003 0.1218 0.2911 0.2912 

  

0.3142 
  

Adjusted R-

squared 

     0.121 0.2892 0.2894  0.3123 
  

Observations 
  

36,324 
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Figure 5. Residuals vs. Fitted Scientific Capabilities Exam for Males 

 
 

 
Figure 6. Kernel Density Plot for Scientific Capabilities Exam for Males 
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Female Science Track 
 
The table below shows the OLS results for the performance of female students in the subject-

based, Achievement exam, that are enrolled in the in the Scientific track. The findings in column 

3, show that the coefficient on the share of subsidized teachers have a small yet positive and 

statistically significant coefficient of approximately 0.68 at the 0.001 p-value level. After 

controlling for teachers’ age at enrollment and average years of teaching experience, the 

coefficient increases slightly to 0.73 and remains statistically significant at the 0.001 p-value level. 

In addition, the coefficient suggests that a 10% increase in the ratio of subsidized teachers in a 

given school is correlated with an approximately 0.73 point increase in students’ Achievement 

exam scores. Therefore, this coefficient may suggest that while the results are statistically 

significant, there is no practical or substantive significance as the coefficient has a negligible 

impact.  

 

Interestingly, however, the coefficient on teachers’ experience in the Science track is positive at 

approximately 2 and statistically significant at the 0.00 p-value, which is consistent with both, 

prior literature and our findings for males enrolled in the Science track.  
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Table 3. Achievement Exam, Scientific Track for Females 

Variable definitions:  
Teachers’ experience here refers to average years of teachers’ experience in the whole school, 
rather than a particular track. 
‡ Female teacher here refers to a small number of international private schools where students 
were taught by a teacher of the opposite gender. 
Significance. codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1  

 

 
Figure 7. Kernel Density Plot Scientific Achievement Exam for Females 

 Basic  Region 
Control
s 

City 
Control
s 

Teachers’ 
age 

Teachers’ 
experience  

Constant 70.475*
** 

73.790*
** 
 

66.937 
*** 

  66.222 
*** 

61.746 
*** 

Share of subsidized 
teachers 

-0.319 -0.258 
 

0.686**
* 

0.687 
*** 

0.734*** 
 

Female teacher  0.363* 0.506** 0.4222 
*** 
 

-0.862 
*** 

Teachers’ age 
 

   0.00* 0.000 

Teachers’ experience 
 

    1.197*** 

R2 

 
0.01 0.1624 0.3702 0.3706 0.417 

Adjusted R-squared  0.1612 
 

0.3681 0.3685 0.415 

Observations 9,800 9,800 9,800 9,800 9,800 
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Capabilities Exam  
 

Table 4. Capabilities Exam, Scientific Track for Females 

Variable definitions:  
Teachers’ experience here refers to average years of teachers’ experience in the whole school, 
rather than a particular track. 
‡ Female teacher here refers to a small number of international private schools where students 
were taught by a teacher of the opposite gender. 
Significance. codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1  

 

The findings for females in the Scientific Capabilities exam suggest that the ratio of subsidized 

teachers in the school has a statistically significant and negative, albeit practically negligible 

impact, on students’ outcomes. In column 2, the coefficient on the ratio of subsidized teachers is 

negative at 0.82, which tells us that a 10% increase in the ratio of subsidized teachers at a school 

is correlated with a roughly one point reduction for females in the Scientific Capabilities test. After 

controlling for additional covariates such as teachers’ experience at the school, the coefficient 

remains statistically significant but the magnitude of the impact becomes even smaller. 

 

 Basic  Region 
Controls 

City 
Controls 

Teachers’ 
age 

Teachers’ 
experienc
e  

Constant 72.158*** 75.233 
*** 

 
67.780 
*** 

67.289 
*** 

63.893 
*** 

      
Share of subsidized 
teachers 

-0.790*** -0.820 
*** 
 

-0.358 
* 

-0.356 
* 

-0.32* 

Female teacher 
 

 0.0023 0.100 0.033 -1.02*** 

Teachers’ age  
 

   0.001*** 0.000 

Teachers’ experience 
 

    0.913 
*** 

R2 

 
0.002 0.1196 0.2758 0.2762 0.3205 

Adjusted R-squared 
 

 0.1184 0.2734 0.2738 0.318 

Observations 9,800 9,800 9,800 9,800 9,800 
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Figure 8. Kernel Density Plot for Scientific Capabilities Exam for Females 

 
Female Social Science Track 
 
OLS and Quantile Regression Model Specifications 
 
Consistent with the approach I implemented with other education track and demographic groups, 

I will be restricting the teachers’ experience covariate for models on the Social Science 

Achievement exam, to teachers’ experience within the track itself only. On the other hand, I will 

be again using teachers’ experience in the whole school for models on the Social Science 

Capabilities exam. 

 

The OLS results in column 5 suggest a statistically significant and positive coefficient on the ratio 

of subsidized teachers of 0.94 at the 0.001 p-value level. This finding is surprising as it shows a 

positive effect of having a higher ratio of subsidized teachers in a school on students’ outcomes in 

the Social Science Achievement exam. However, in the policy implications section below, I offer 

several explanations for the findings that are specific to Saudi Arabia’s labor market and education 

contexts at the time period I am studying.  

 

Interestingly, the OLS model on females in the Social Science track has an adjusted R-squared of 

0.49, which means that approximately 50% of the variation in students’ exam scores across 
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different schools is attributed to the covariates in our model. This figure further tells us that the 

OLS model below, has greater explanatory power in explaining the variation in students’ 

performance across schools, compared to other education track and demographic group. 

 

Table 5. Achievement Exam, Social Science Track for Females 

Variable definitions:  
Teachers’ experience here refers to average years of teachers’ experience in Social Science track. 
‡ Female teacher here refers to a small number of international private schools where students 
were taught by a teacher of the opposite gender. 
Significance. codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1  

 

 

    Basic  Region 
Controls 

City 
Controls 

Teacher
s’ age 

Teachers’ 
experience  

Constant 65.573
*** 

67.357*
** 

63.90**
* 

63.6***  
59.88*** 
 

Share of subsidized teachers 
 

    
0.122 

0.461**
* 

0.813**
* 

.814***     0.934*** 

Female teacher   1.00*** 0.736**
* 

0.702**
* 

0.000 
 

Teachers’ age 
 

   0.000 0.000 

            Teachers’ experience 
 

    0.97*** 

R2 .003 0.247 0.445 
 

0.446 0.4928 

Adjusted R-squared  0.246 0.444 
 

0.444 0.4908 

Observations   5,981   
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Figure 9. Kernel Density Plot for Social Science Achievement Exam for Females 

Capabilities Exam 
 
In column 5 of table 6, the OLS regression results for females in Social Science Capabilities exam 

show a coefficient on the ratio of subsidized teachers that is positive and statistically significant at 

1.03, where the direction of the impact is consistent with that for the Achievement exam for 

females in the Social Science track. Although the direction of the coefficient here is surprising, I 

will later elaborate on why this result is reasonable for females in this demographic group and 

education track group. 
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Table 6. Capabilities Exam, Social Science Track for Females 

Variable definitions:  
Teachers’ experience here refers to average years of teachers’ experience in the whole school, 
rather than a particular track. 
‡ Female teacher here refers to a small number of international private schools where students 
were taught by a teacher of the opposite gender. 
 

 
Figure 10. Kernel Density Plot for Social Science Capabilities Exam for Females 

 Basic  Region 
Controls 

City 
Controls 

Teachers
’ age 

Teachers’ 
experience  

Constant 69.749 
 

71.56*** 67.953 
*** 
 

67.454**
* 

63.263*** 

Share of subsidized teachers 0.18 0.698*** 0.904*** 
 

0.91*** 1.029*** 

Female teacher 
 

 1.10*** 0.982*** 0.93*** 0.06 

Teachers’ age 
 

   0.01** 0.00 

       Teachers’ experience       
1.110*** 

R2 0.02 0.312 
 

0.424 0.425 0.4824 

Adjusted R-squared  0.311 
 

0.422   0.423 0.4805 

Observations   5,981   
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Comparing OLS and Quantile Regression Models for All Groups 
 

Table 7. OLS Versus Quantile Regression, Achievement Exam for Males Science Track 

 

     Variable definitions: 
     Teachers’ experience here refers to average years of teachers’ experience only in the            
Scientific track 
‡ Male teacher here, refers to a small number of international private schools where students are 
taught by a teacher of a different gender. 
Significance. codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1  
 
The OLS Versus Quantile Regression table above compare the average effect of the program as 

shown in the OLS results in column 1, compared to the distributional effects of the program across 

different the population of schools. With welfare programs such as the Teachers’ Subsidy Program, 

the impact often varies drastically across the distribution whereby merely relying on mean impacts 

produced by OLS may severely overestimate or underestimate the effects of a given program as 

shown by Angrist and Imbens (2002) as well as Bitler et al. (2003). Another two factors where 

using quantile regression can be useful in comparison to OLS is when the data has outliers and 

there is heteroscedasticy, where the variance is not constant across our residuals, which is the case 

here as shown in the Residuals Vs. Fitted plot below. 

 OLS Q(0.20
) 

Q(0.40)  Q(0.50) Q(0.60
) 

Q(0.80
) 

Q(0.90) 

        Constant 59.561 
*** 

64.27*
** 

57.114*
** 

58.653*
** 

57.8**
* 

59.542 
*** 

59.045 
*** 

Ratio  
Of 

subsidized 
teachers 

-1.832 
 *** 

 
 
 
 

   
0.000  

 
-0.242 
*** 

-0.867 
*** 

0.000 0.000 0.000 

Male 
teacher‡ 

-0.473 
 *** 
 

-0.131 
*** 

-
0.15*** 

-
0.54*** 

0.000 0.000 0.000 

Teachers’ 
age at 
enrollment 

 

0.000 0.000 0.000 0.000 0.000 0.000 0.000 
 

Experience 
science male 

 

1.581 
 *** 

1.07**
* 

2.03*** 1.98*** 2.11 
 

1.5*** 1.58*** 

Observations    36,324    
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Figure 11. Residuals vs. Fitted Plot for Scientific Achievement Exam for Males 

 

The quantile regression results here show that for most schools, there is no statistically significant 

impact of the ratio of subsidized teachers on students’ scores in the scientific achievement exam. 

However, the coefficient on the ratio of subsidized teachers is negative and statistically significant 

for schools falling in the median of the distribution, albeit showing roughly half of the effect shown 

by the OLS model.  

 

Interestingly, the coefficient of average years of teachers’ experience in the science track appears 

statistically significant and positive across all groups, thus providing stronger evidence on the 

impact of teachers’ experience on students’ performance in standardized exams. However, the 

covariate on teachers’ experience shows a non-linear positive effect across schools. For instance, 

the coefficient of experience science male peaks for schools at the 60th percentile, but then declines 

albeit still positive at the top 40th score percentile. The coefficient at the 60th percentile suggests 

that one additional year of average teachers’ experience in the education track, is correlated with 

a rise of 2.1 points in exam scores. 
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Table 8. OLS Versus Quantile Regression, Capabilities Exam for Males Science Track 

Variable definitions:  
Teachers’ experience here refers to average years of teachers’ experience in the whole school, 
rather than a particular track. 
‡ Male teacher here, refers to a small number of international private schools where students are 
taught by a teacher of a different gender. 
Significance. codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1  

 

I compare my OLS findings on the Capabilities exam for males in the science track to those of 

Quantile regression, where I control for the same covariates. Again, I am running quantile 

regression models to see whether the impact of the ratio of subsidized teachers varies across the 

distribution of standardized exam scores. Furthermore, testing my data for homoscedasticity 

visually through the Residuals Vs Fitted plot, and other tests in the Appendix suggests that in fact 

the variance in our residuals is not constant across observations. Additionally, unlike OLS, the 

quantile regression results are not affected by outliers and heteroskedastic variation in the 

residuals.  

 

The results below suggest no statistically significant effects of subsidized teachers on students’ 

performance amongst schools in the bottom 20th and top 20th score percentiles. However, the 

 OLS Q(0.20) Q(0.40)  Q(0.50) Q(0.60) Q(0.80
) 

Q(0
90) 

Constant 70.2*** 67.37*
** 

   66.05 
*** 

67.21 
*** 

72.18 
*** 

71.94 
*** 
 

 73.1 
 *** 
 

Share of subsidized 
teachers 
 

-1.2*** 0.000 -0.2*** -1.05 
*** 

-
0.463**
* 

0.000  
0.00
0 

Male teacher ‡ -0.84*** -
0.05**
* 

-0.422 
*** 
 

-0.673 
*** 
 

-
0.17*** 
 

0.000  
0.00
0 

Teachers’ age at 
enrollment 
 

0.01* 0.000 
 

  0.000 
 

0.000 
 

0.000 
 

0.000   
0.00
0 

Average years of 
teachers’ experience per 
school 

0.961 
*** 

0.892 
*** 

1.21*** 1.473 
*** 

1.072 
*** 

1.065 
*** 

 
0.64
0 
 

Observations    36,324    
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OLS mean and the median coefficients are very close and both show the same direction with 

statistical significance at the 0.001 p-value level.  

 

Interestingly, the coefficient on the average years of teachers’ experience per school, exhibits a 

similar non-linear pattern across the distribution, as that shown by the average years of experience 

per Science track shown in the models for the Achievement exam. Specifically, the coefficient 

shows a statistically significant and positive coefficient of 0.90 at the bottom 20th score percentile 

until peaking at 1.5 in the 50th score percentile, but then declines at the top 40th score percentile. 

This may lead us to conclude that the average years of subsidized teachers’ experience does not 

have as large of an effect for schools falling in the top 10th score percentiles, compared to those 

falling in the median of the distribution. 

 

Table 9. OLS Versus Quantile Regression, Scientific Achievement Exam for Females 

                                  OLS          Q(0.20)       Q(0.40)      Q(0.50)     Q(0.60)      Q(0.80)    Q(0.90)  

Variable definitions:  
Teachers’ experience here refers to average years of teachers’ experience only in the Scientific 
track  
‡ Female teacher here refers to a small number of international private schools where students 
were taught by a teacher of the opposite gender. 
Significance. codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1  

 

Constant 61.746 
*** 
 

60.33**
* 

62.58 63.165*
** 

64.21 
*** 

65.70 
*** 

61.20**
* 

Share 
subsidized 
teachers 

0.734**
* 
 

0.000 0.000 0.000 0.000 0.000 0.000 

Female teacher -0.862 
*** 
 

0.000 -0.94 
*** 

1.094**
* 

-1.092 
*** 

0.000 0.000 

Teachers’ age at 
enrollment 
 

0.000 0.000 0.000 0.000 0.000 0.000 0.000 

      Teachers’     
experience  
 

1.197**
* 

1.822**
* 

1.26 
*** 

1.112 
*** 

0.850 
*** 

0.48*** 1.60*** 
 

Observations    9,800    
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The quantile regression results for females in the Scientific Achievement exam reveal that while 

the mean impact of the share of subsidized teachers on students’ scores is positive, this positive 

effect is almost unapparent when we focus on the distributional impact on schools. Unsurprisingly, 

however, the impact of teachers’ experience in the Scientific track remains positive and 

statistically significant at the 0.001 p-value level across all schools in the distribution. Furthermore, 

the results are in line with previous literature and our findings on males in the Scientific Track. 

The impact of teachers’ experience on students’ outcomes further exhibits a similar non-linear 

relationship to that produced for males in the Scientific Track, whereby the effect is more apparent 

and larger with schools in the bottom 50th  scores percentile. 

 
Table 10. OLS Versus Quantile Regression, Capabilities Exam for Females Science Track 

           Variable definitions:  
           Teachers’ experience here refers to average years of teachers’ experience in the whole        
school, rather than a particular track. 
           ‡ Female teacher here, refers to a small number of international private schools where    
students are taught by a teacher of a different gender. 
           Significance. codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 
 

While the mean OLS result showed a statistically significant and negative coefficient on the ratio 

of subsidized teachers, the impact across different quintiles appears negligible or nonexistent at 

certain groups. Interestingly, however, the impact of teachers’ experience on students’ outcomes 

remains positive and statistically significant across the distribution of all scores. Again, the 

 OLS Q(0.20) Q(0.40) Q(0.50) Q(0.60) Q(0.80) Q(0.90) 
Constant 63.893 

*** 
 

61.028 
*** 

62.756 
*** 

63.019
*** 
 

64.1**
* 

63.77 
*** 

59.65 
*** 

Share subsidized 
teachers 
 

-0.32* 0.000 0.000 0.000 0.000 0.000 0.000 

Female teacher 
 

-
1.02**
* 

-
0.034*
** 

-
1.471*
** 

-
1.96**
* 

-0.87 
*** 
 

-1.317 
*** 

-0.154 
 

Teachers’ age at 
enrollment 
 

0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Teachers’ experience 
 

0.913 
*** 

1.60**
* 

1.2*** 1.10 
*** 

0.834 
*** 

0.914*
** 

1.95**
* 
 

Observations    9,800    
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coefficient here shows a non-linear effect but that is higher across the bottom 50th score percentiles. 

The consistency of the results on teachers’ experience regardless of the exam type and gender 

suggests, particularly amongst low performing schools, provides stronger evidence for the findings 

in prior studies. 

 
Table 11. OLS Versus Quantile Regression, Achievement Exam for Females Social Science 

Variable definitions:  
Teachers’ experience here refers to average years of teachers’ experience in Social Science track. 
‡ Female teacher here refers to a small number of international private schools where students 
were taught by a teacher of the opposite gender. 
Significance. codes:  ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1  

 

In conclusion, the quantile regression results show either very small or not statistically significant 

impact of the ratio of subsidized teachers on students’ exam scores. However, the covariate on 

teachers’ experience in the Social Science track shows a positive and statistically significant 

impact across schools in different quintiles, but still exhibits a non-linear pattern. The impact 

appears largest in magnitude for schools falling in the 80th percentile, where the coefficient 

indicates that a one year increase in average years of social science teachers’ experience in a school 

is associated with a 2 points increase in exam scores. 

 

 OLS Q(0.20) Q(0.40) Q(0.50) Q(0.60) Q(0.80) 
 

Q(0.9
0) 

Constant 59.88*** 62.00*** 62.413**
* 

61.70*** 60.81*** 56.567 61.2*
** 
 

Share subsidized 
teachers 

0.934*** 
 

0.1** 0.000 0.000 0.000 0.000 0.000 

Teacher female 
 

0.000 0.47*** 0.681 0.407*** 0.13 0.000 0.000 

Teachers’ age at 
enrollment 

 

0.000 
 
 

0.000 0.000 0.000 0.000 0.000 0.000 

Average 
teachers’ 

experience per 
educational 

Track 
 

0.97*** 0.674*** 0.572 
*** 

0.748 
*** 

0.973*** 2.035 
*** 

0.877 
*** 

Observations    5,981    
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Table 12. Capabilities Exam, Social Science Track for Females 

     Variable definitions:  
     Teachers’ experience here refers to average years of teachers’ experience in the whole school,  
rather than a particular track. 
     ‡ Female teacher here refers to a small number of international private schools where students   
were taught by a teacher of the opposite gender. 
 

While the OLS regression mean result on the coefficient of the share of subsidized teachers was 

large, the quantile regression results suggest much smaller effects across the distribution of 

schools. Consistent with our quantile regression findings on other demographic and education 

track groups, the impact of teachers’ experience on students’ outcomes remains positive and 

statistically significant for all schools. The coefficient further shows a non-linear pattern, where 

the impact is at 1.13 for schools at the bottom 20th  score percentile and then it declines until rising 

to its peak at top 10th score percentile where the coefficient is 2.12. 

  

 OLS Q(0.20) Q(0.40) Q(0.50) Q(0.60) Q(0.80) Q(0.90) 
Constant 63.263*

** 
 

64.24**
* 

64.9*** 64.465*
** 

65.05**
* 

63.094*
** 

60.39**
* 

Share  
of subsidized 
teachers 

1.029**
* 

0.08*** 0.02*** 0.252**
* 

0.28*** 0.398 
*** 

0.000 

Female teacher 0.06 0.662**
* 

1.255**
* 

0.837**
* 

0.237**
* 

-0.207 
*** 

-0.811 
*** 

Teachers’ age 
 

0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Teachers’ 
experience 

1.110**
* 

1.132**
* 

0.994**
* 

1.033**
* 

0.88*** 1.340**
* 

2.12*** 
 

Observations 5,981 5,981 5,981 5,981 5,981 5,981 5,981 
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Policy Implications and Conclusion  
 

The OLS regression results for male students’ outcomes in the Achievement and Capabilities exam 

provide statistically and practically significant empirical evidence for my hypothesis that the ratio 

of subsidized teachers in a given school and educational track (i.e. Scientific or Social Science). 

Furthermore, one may reasonably argue that if the evidence is robust and consistent for males in 

the Scientific track regardless of the exam type, then we should observe results of the same 

magnitude on females in the Scientific or Social Science tracks. However, I will offer several 

plausible explanations to explain the seemingly counterintuitive finding on females. First, this is 

particularly relevant to the time period that I am studying in the paper (2011-2017), where men 

were drastically more mobile in the labor market, compared to females. For instance, regulations 

allowing females to drive and obtain travel were not proposed and implemented until 2018 and 

2019, respectively (September, 2017). Other factors that are more difficult to measure 

quantitatively in the country’s context, such as general public sentiment towards working women 

have also significantly today, compared to the early years covered in the paper. Therefore, I argue 

that it is reasonable to believe that male holding a Bachelor’s degree in a science subject like 

chemistry or mathematics has three major labor market advantages over a female with the same 

qualifications. First, the male worker can find job market opportunities beyond teaching such as 

working as a lab assistant or other similar jobs. Second, other job alternatives for males often paid 

a similar or higher monthly wage compared to private sector teaching jobs, which on average, paid 

5,600 Riyals per month. Third, given the cultural and regulatory barriers at the time period of 

interest, it is likely that men on average, were more likely to view the job market from a nationwide 

perspective, while women likely viewed the job market with a local or regional perspective. This 

further suggests that a qualified male with a demanded Bachelor’s scientific degree is more likely 

to work in a sector beyond education, than a female worker with the same educational background.  

 

Therefore, it is reasonable to expect that on average, a high performing female trained-teachers 

will mostly remain in the private education profession given her limited labor market options. On 

the other hand, a highly skilled male with a degree in mathematics is likely to both, leave the 

private education profession and find another well-paid job. Additionally, evidence from several 

interviews I conducted throughout 2019 and 2020, with male business owners and hiring manager 
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in the private sector, suggest that many still prefer female workers because they report that female 

job seekers are aware of their limited job opportunities and are thus less likely to negotiate higher 

pay or demand higher positions. 

 

The plausible explanations above that are specifically relevant to Saudi Arabia’s context at the 

time lead me to the following conclusion: it is very likely that the trends above have caused the 

group of male teachers remaining in the private sector to have a greater share of average or below 

average performing male teachers. In other words, it is very possible that the social and regulatory 

barriers that female workers have encountered essentially restricted the options of talented female 

teachers to leave the private teaching profession. Furthermore, given that public sector hiring was 

also extremely limited between 2009-2013, many potentially qualified female teachers had no 

option but to join the TWSP, which made the average quality of a female subsidized teacher higher 

than that of their male counterparts. 
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Appendix  
 

Merging the Data 
 

The data merging process was extremely challenging for two major reasons. First, a lack of a 

reliable, unique identifier among the three main datasets, which are published by different 

government agencies, creates an extensive amount of manual work for researchers. For instance, 

the Ministerial school code from Qiyas dataset is supposed to match the Commercial license 

number in the TWSP datasets for all schools, and that number is further supposed to match the 

Ministerial school code from the DoT dataset. However, in most cases, each dataset had its own 

unique code for each school. Second, I steered my focus towards an alternative and seemingly 

intuitive approach where school names are used as unique identifiers. However, even when using 

three programs, including R, Python, and STATA, I could not merge the TWSP and Qiyas datasets 

using the school name column due to the unique characteristics of the Arabic language. For 

instance, while a person speaking Arabic can easily recognize that the two values in each dataset 

refer to the same school, none of the programs above correctly identified such schools: 

 
 

ةیلھالا ْنارھظلا سرادم  
ةیلھالا نارھظلا سرادم  

 

The only difference above is the use of Arabic diacritics, or Altashkil and AlHarakat, which are 

essentially short vowel marks that even advanced programs like R and Python, unfortunately, do 

not recognize yet (Arabic Vowels, 2010). The other situation where R and Python have also failed 

to recognize school name as a unique identifier in the TWSP and Qiyas datasets is the following: 

 

ةیلھالا نارھظلا سرادم  

ةیلھألا نارھظلا سرادم  

 

Similarly, an Arabic reader can easily recognize that the two values above refer to the same school 

name. However, none of the coding programs that I have used was able to overcome another 

unique characteristic of Arabic writing (Arabic Character Notes, 2020). The only difference above 

is a Hamzaa’h, which is a full glottal stop in the language. In conclusion, due to the often varying 
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writing styles used by each government agency, I thus had to rely and match school names across 

the TWSP and Qiyas datasets manually.  

 

I then relied on two fluent Arabic speakers to repeat the process and check my work. More 

specifically, I manually reviewed approximately 1750 school names in the Qiyas dataset, which 

contains all private schools as any formal school with over 10 students is mandated to register in 

the Qiyas site. This list of school names was reconciled with the TWSP dataset, where only school 

participating in the subsidy program are available, thus naturally this dataset has less schools than 

the standardized exams dataset, Qiyas. This process has resulted in a 93% matching rate across the 

two datasets. In other words, across all the roughly 1750 private schools in Saudi Arabia, 

approximately 93% of which participated in the Teachers’ Wage Subsidy Program (TWSP). While 

the 93% matching rate may introduce concerns over selection bias as one may reasonably argue 

that schools that have participated in the program may inherently differ from those that did not. 

This is a valid concern that I will be addressing in next empirical methods section. 
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Detailed Calculation on the Impact per Additional Subsidized Teacher  

Measuring the effect of an additional subsidized teacher for males in the Scientific Achievement 

exam 

[Subsidized teachers /( Total teachers + 1)]-[Subsidized teachers/Total teachers] 

[240/(320)]-[239/319] 

 .75 - .7492 = .0008 *100 = 0.08%  

 

(0.08/.15) * 2.13 = .533 * 2.13 = 

which translates to a 1.136 points reduction in exam scores per additional subsidized  

teacher, for a school with the average number of subsidized teachers. 

 

School falling in the 25th percentile of the ratio of subsidized teachers 

[Subsidized teachers /( Total teachers + 1)]-[Subsidized teachers/Total teachers] 

 

[60/(251)]-[59/250] 

= .239 - .236  

= .003 *100 = 0.3% 

 

(0.3/.15) * 2.13 = 2 * 2.13= 

which translates to an approximately 4.26 points reduction in exam scores, per additional 

subsidized teacher, for a school falling in the 25th percentile. 
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Detailed Results for Six Multiple Regression (OLS) Models across the Following Groups 
1. Male Science track, achievement and capabilities exams 
2. Female Science track, achievement and capabilities exams 
3. Female Social Science track, achievement and capabilities exams 

 
• Male Science track 

A. Achievement exam, controlling for regions 
Outcome: Test Score           Science Achievement exam 

 
Males 

 
Constant 

 
          61.929*** 

Share subsidized teachers 
 
gender_male 
 
region_AlJouf 
 
region_AlJubail 
       
region_AlMadinah 
 
region_AlQassim 
 
region_Asseer 
           
region_Haiel              
   
region_Jazan 
 
region_Makkah 
 
region_Najran 
 
region_Eastern_Province 
 
region_Tabouk 
 
region_Riyadh 
 
region_Alahsaa 

   -2.137*** 
 

   -3.586*** 
 
   -1.02 
 
  15.85*** 
 
       9.89*** 
 
       -1.51 
 
2.51 = significant at the 0.1 level 
 
3.91* 
     
-0.44 
 
5.72*** 
      
-3.31 
 
10.3*** 
 
0.955 
 
5.14*** 
 
3.31* 
 

R2     0.1499 
Adjusted R-squared     0.1492 
Observations 36,324 
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A. Achievement exam, controlling for cities 
Coefficients: 
                    Estimate Std. Error t value  Pr(>|t|)     
(Intercept)          65.9830     0.6817  96.789  0.000 *** 
ratio_sub_teachers   -1.7730     0.1895  -9.357  0.000 *** 
gender_male          -2.5197     0.1245 -20.233  0.000 *** 
city  *** 0.000    6.486-  2.0091     13.0305-         جالفألا
city  *** 0.000  10.795- 0.9700     10.4716-        ةیریكبلا
city  *** 0.000  8.888   1.1787     10.4770           لیبجلا
city  *** 0.000  11.983  0.7660     9.1793             ربخلا
city  *** 0.000  3.493   0.8890     3.1056             جرخلا
city    * 0.010  2.562-  1.4967     3.8345-           ةمرخلا
city  *** 0.000  4.729-  0.9552     4.5173-           يجفخلا
city  *** 0.000  13.764  0.7614     10.4805           مامدلا
city  *** 0.000  9.340-  0.9527     8.8991-         يمداودلا
city  *** 0.000  9.096-  0.8803     8.0068-             سرلا
city  0.000  1.249   0.6704     0.8371            ضایرلا
city  *** 0.000  3.835-  0.7467     2.8637-           فئاطلا
city  *** 0.000  18.271  0.7295     13.3281          نارھظلا
city   ** 0.000  3.225-  1.1853     3.8227-          تایرقلا
city  *** 0.000  8.325   0.9787     8.1474            فیطقلا
city  *** 0.000  7.767-  0.9023     7.0076-         ةیعیوقلا
city    * 0.017  2.384-  1.0693     2.5490-           زربملا
city  *** 0.000  4.291-  1.5873     6.8102-          ةعمجملا
city  *** 0.000  9.610   0.7540     7.2462   ةرونملا ةنیدملا
city    * 0.035  2.105-  3.3505     7.0517-         ةیریعنلا
city      0.188  1.315-  0.7591     0.9984-           فوفھلا
city  *** 0.000  6.588-  0.7450     4.9084-            ةدیرب
city  *** 0.000  4.364-  0.9829     4.2889-             كوبت
city  *** 0.000  5.488-  1.0748     5.8978-            نازاج
city  *** 0.000  6.294   0.7040     4.4307               ةدج
city      0.135  1.495-  0.9394     1.4041-             لئاح
city  *** 0.000  8.252-  0.7295     6.0196-       نطابلا رفح
city  *** 0.000  3.868-  0.7777     3.0082-        طیشم سیمخ
city  *** 0.001  3.413-  2.8535     9.7388-      لدنجلا ةمود
city    * 0.011  2.543-  2.0100     5.1109-        ةرونت سأر
city  *** 0.000  3.725-  1.7715     6.5983-            ءاحفر
city  *** 0.001  3.378-  3.0701     10.3699-            حامر
city  *** 0.000  5.873-  0.9006     5.2893-            اكاكس
city   significant at the 0.1 level  0.09  1.651-  2.8540     4.7133-            ةرورش
city    * 0.0182  2.361-  3.0703     7.2481-            ءارقش
city  *** 0.000  9.725-  1.7371     16.8933-           لجربط
city    significant at the 0.1 level 0.087  1.714-  2.0721     3.5508-             رعرع
city  *** 0.000  7.112-  1.4245     10.1304-            فیفع
city     0.337  0.959-  0.6997     0.6712-      ةمركملا ةكم
city  *** 0.000  5.633-  1.7726     9.9855-            نارجن
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city  *** 0.000  4.071-  1.7722     7.2148-     رساودلا يداو
city  *** 0.000  6.799-  1.1166     7.5926-             عبنی
 
Multiple R-squared:  0.3097, Adjusted R-squared:  0.308  
 
 

B. Capabilities exam, controlling for cities 
Coefficients: 
                     Estimate Std. Error t value Pr(>|t|)     
(Intercept)          74.10462    0.52459 141.262  0.000 *** 
ratio_sub_teachers   -1.18820    0.14647  -8.113  0.000 *** 
gender_male          -2.12280    0.09584 -22.150  0.000 *** 
city  *** 0.000    9.263-  1.54568    14.31833-         جالفألا
city  *** 0.000  15.349- 0.74627    11.45452-        ةیریكبلا
city  *** 0.001  3.441   0.90683    3.12046            لیبجلا
city  *** 0.000  5.677   0.58933    3.34586             ربخلا
city     0.163  1.393   0.68397    0.95266             جرخلا
city  *** 0.000  6.046-  1.15148    6.96176-           ةمرخلا
city  *** 0.000  7.782-  0.73487    5.71906-           يجفخلا
city  *** 0.000  6.086   0.58580    3.56491            مامدلا
city  *** 0.000  14.428- 0.73298    10.57519-        يمداودلا
city  *** 0.000  16.133- 0.67722    10.92559-            سرلا
city  *** 0.000  4.666-  0.51577    2.40671-           ضایرلا
city  *** 0.000  8.317-  0.57443    4.77770-           فئاطلا
city  *** 0.000  10.718  0.56121    6.01496           نارھظلا
city  *** 0.000  9.469-  0.91189    8.63482-          تایرقلا
city     significant at the 0.1 level 0.056  1.914   0.75295    1.44102            فیطقلا
 
city  *** 0.000  12.568- 0.69413    8.72364-         ةیعیوقلا
city  ***  0.000  7.520-  0.82263    6.18639-           زربملا
city  *** 0.000  8.042-  1.22113    9.82064-          ةعمجملا
city    * 0.0185  2.355   0.58011    1.36592   ةرونملا ةنیدملا
city  *** 0.000  4.132-  2.57764    10.65133-        ةیریعنلا
city  *** 0.000  7.232-  0.58404    4.22402-           فوفھلا
city  *** 0.000  6.277-  0.57318    3.59785-            ةدیرب
city  *** 0.000  10.054- 0.75614    7.60232-             كوبت
city  *** 0.000  7.968-  0.82686    6.58870-            نازاج
city      0.775  0.285-  0.54162    0.15424-              ةدج
city  *** 0.000  4.374-  0.72270    3.16078-             لئاح
city  *** 0.000  15.563- 0.56123    8.73460-       نطابلا رفح
city  *** 0.000  8.148-  0.59829    4.87496-        طیشم سیمخ
city  *** 0.000  6.102-  2.19529    13.39494-     لدنجلا ةمود
city  *** 0.000  4.827-  1.54638    7.46421-        ةرونت سأر
city  *** 0.000  6.607-  1.36290    9.00453-            ءاحفر
city  *** 0.000  5.254-  2.36192    12.40893-            حامر
city  *** 0.000  9.674-  0.69286    6.70300-            اكاكس
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city  *** 0.001  3.332-  2.19568    7.31599-            ةرورش
city  *** 0.000  3.728-  2.36205    8.80530-            ءارقش
city  *** 0.000  12.523- 1.33639    16.73595-           لجربط
city  *** 0.000  3.733-  1.59411    5.95006-             رعرع
city  *** 0.000  9.322-  1.09589    10.21551-            فیفع
city  *** 0.000  5.483-  0.53780    2.94889-      ةمركملا ةكم
city  *** 0.000  8.937-  1.36370    12.18706-           نارجن
city  *** 0.000  7.804-  1.36341    10.64035-    رساودلا يداو
city  *** 0.000  10.204- 0.85907    8.76561-             عبنی
Multiple R-squared:  0.2911, Adjusted R-squared:  0.2892 
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• Female Science track 
A. Achievement exam, controlling for all cities.  

1. In the multiple regression models pertaining to females, I used gender_female as a 
covariate, rather than gender female. This indicator variable essentially = 1 if the 
teacher is a female, and zero if male. 

Coefficients: 
                     Estimate Std. Error t value Pr(>|t|)     
(Intercept)          66.93771    2.13769  31.313  0.000 *** 
ratio_sub_teachers    0.68601    0.19606   3.499  0.001 *** 
gender_female         0.50654    0.17116   2.959  0.003 **  
city      0.781  0.279   2.38667    0.66497            لیبجلا
city  *** 0.000  6.051   2.17916    13.18523            ربخلا
city  *** 0.000  4.513   2.49115    11.24316           يجفخلا
city   ** 0.001  3.243   2.18448    7.08396            مامدلا
city  *** 0.000  3.770-  2.18843    8.25082-         يمداودلا
city     0.807  0.244   2.16835    0.52898              سرلا
city      0.307  1.021   2.13609    2.18080            ضایرلا
city      0.867  0.168-  2.22560    0.37375-           فئاطلا
city      0.670  0.426   2.25306    0.96000           نارھظلا
city   ** 0.009  2.619-  2.33363    6.11180-          تایرقلا
city    * 0.014  2.472-  2.28853    5.65760-         ةیعیوقلا
city    * 0.049  1.988-  2.53663    5.04177-          ةعمجملا
city    * 0.0497  1.963   2.15680    4.23337   ةرونملا ةنیدملا
city  *** 0.000  4.210-  2.31578    9.74872-        ةیمحازملا
city   ** 0.006  2.817   2.23380    6.29352            فوفھلا
city     0.598  0.527-  2.16881    1.14318-            ةدیرب
city      0.988  0.015-  2.18711    0.03209-             كوبت
city    * 0.011  2.535-  2.61643    6.63308-            ءامیت
city  ***  0.000  4.547-  2.23060    10.14277-           نازاج
city   ** 0.002  3.143   2.14068    6.72838               ةدج
city  *** 0.001  3.487-  2.31147    8.06063-             لئاح
city  *** 0.000  5.173-  2.17730    11.26343-      نطابلا رفح
city  *** 0.000  4.298-  2.92326    12.56406-           ءاحفر
city  *** 0.000  4.499-  2.30768    10.38204-           اكاكس
city   ** 0.002  3.126-  2.35169    7.35188-            ءارقش
city    * 0.024  2.263-  2.26180    5.11793-             رعرع
city  *** 0.000  3.971-  2.84674    11.30528-            فیفع
city  *** 0.000  4.485   2.18197    9.78654       ةمركملا ةكم
city    * 0.017  2.394-  2.19139    5.24702-             عبنی
 
Multiple R-squared:  0.3702, Adjusted R-squared:  0.3681 
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B. Capabilities exam 
Coefficients: 
                    Estimate Std. Error t value Pr(>|t|)     
(Intercept)         67.78087    1.61871  41.873  0.000 *** 
ratio_sub_teachers  -0.35803    0.14868  -2.408  0.016 *   
gender_female        0.09078    0.12836   0.707  0.48     
city   ** 0.0034  2.928   1.67809    4.91373         ةیریكبلا
city      0.360  0.914   1.80714    1.65146           لیبجلا
city  *** 0.000  5.778   1.65002    9.53315            ربخلا
city  *** 0.000  4.935   1.88634    9.30919           يجفخلا
city  *** 0.001  3.447   1.65403    5.70109           مامدلا
city      0.407  0.829-  1.65708    1.37377-        يمداودلا
city    * 0.036  2.101   1.64184    3.45018             سرلا
city    * 0.019  2.331   1.61743    3.77093           ضایرلا
city    * 0.034  2.120   1.68517    3.57193           فئاطلا
city      0.426  0.796   1.70596    1.35753          نارھظلا
city       significant at the 0.1 level 0.089  1.699-  1.76697    3.00153-         تایرقلا
city      0.283  1.073   1.73283    1.85949         ةیعیوقلا
city      0.911  0.111-  1.92070    0.21374-         ةعمجملا
city   ** 0.007  2.703   1.63307    4.41356  ةرونملا ةنیدملا
city   ** 0.002  3.052-  1.75347    5.35099-       ةیمحازملا
city  *** 0.000  4.238   1.69144    7.16756           فوفھلا
city  *** 0.000  4.855   1.64218    7.97204            ةدیرب
city      0.694  0.394   1.65606    0.65180             كوبت
city   ** 0.0073  2.681-  1.98114    5.31222-           ءامیت
city    * 0.025  2.247-  1.68895    3.79424-           نازاج
city  *** 0.000  3.971   1.62099    6.43730              ةدج
city  *** 0.000  5.402   1.75020    9.45523             لئاح
city   ** 0.001  3.192-  1.64859    5.26282-      نطابلا رفح
city      0.907  0.117   2.21348    0.25830            ءاحفر
city      0.337  0.958-  1.74733    1.67447-           اكاكس
city      0.321  0.991-  1.78066    1.76412-           ءارقش
city      0.761  0.303   1.71259    0.51904             رعرع
city  *** 0.000  4.136-  2.15553    8.91585-            فیفع
city  *** 0.000  4.399   1.65216    7.26717      ةمركملا ةكم
city      0.320  0.994-  1.65932    1.64966-            عبنی
Multiple R-squared:  0.2758, Adjusted R-squared:  0.2734  
 
 
 
 
 
 
 
 
 



 47 

• Female Social Science track 
A. Achievement exam 

Coefficients: 
                    Estimate Std. Error t value Pr(>|t|)     
(Intercept)         63.90355    0.96674  66.102  0.000 *** 
ratio_sub_teachers   0.81270    0.11692   6.951  0.000 *** 
gender_female        0.73609    0.10483   7.022  0.000 *** 
city  *** 0.000  8.013   1.02485    8.21244            ربخلا
city      0.763  0.302   1.03056    0.31120           مامدلا
city      0.706  0.378   1.07879    0.40724         يمداودلا
city   ** 0.005  2.782   0.98540    2.74178             سرلا
city      0.919  0.102   0.96546    0.09835           ضایرلا
city   ** 0.001  3.170-  1.06286    3.36966-          فئاطلا
city   ** 0.005  2.818-  1.01855    2.87064-         نارھظلا
city  *** 0.000  7.407-  1.05478    7.81278-         تایرقلا
city   ** 0.005  2.839   0.97560    2.76966  ةرونملا ةنیدملا
city  *** 0.001  3.359   1.00905    3.38951           فوفھلا
city       significant at the 0.1 level 0.063  1.856-  0.98998    1.83786-           ةدیرب
city      0.121 1.550-  1.00716    1.56159-            كوبت
city  *** 0.000 3.750   0.97080    3.64062              ةدج
city  *** 0.000 6.084-  1.04519    6.35922-            لئاح
city  *** 0.000 5.104-  0.98429    5.02378-      نطابلا رفح
city      0.138 1.484-  1.07212    1.59156-     ةمركملا ةكم
city     0.501 0.672-  0.99500    0.66913-            عبنی
Multiple R-squared:  0.4461, Adjusted R-squared:  0.4442 
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B. Capabilities exam 
 
Coefficients: 
                     Estimate Std. Error t value Pr(>|t|)   
(Intercept)          67.95389    1.02139  66.531  0.000 *** 
ratio_sub_teachers    0.90419    0.12090   7.479  0.000 *** 
gender_female         0.98277    0.10716   9.171  0.000 *** 
city   ** 0.004  2.868   1.06746    3.06188             ربخلا
city     0.200  1.282-  1.08867    1.39526-           مامدلا
city      0.589  0.540   1.03542    0.55913              سرلا
city      0.988  0.015   1.02005    0.01529            ضایرلا
city   ** 0.004  2.865-  1.11251    3.18760-           فئاطلا
city   ** 0.002  3.054-  1.07604    3.28645-          نارھظلا
city  *** 0.000  9.152-  1.11434    10.19883-         تایرقلا
city   ** 0.004  2.879   1.03058    2.96718   ةرونملا ةنیدملا
city  *** 0.000  3.356   1.06614    3.57828            فوفھلا
city      0.265  1.115-  1.04583    1.16580-            ةدیرب
city         significant at the 0.1 level 0.06  1.882-  1.05174    1.97888-             كوبت
city  *** 0.000 4.599-  1.24981    5.74828-            ءامیت
city  *** 0.000 3.525   1.02476    3.61267               ةدج
city  *** 0.000 4.817-  1.10415    5.31911-             لئاح
city  *** 07 0.000 5.289-  1.03985    5.49994-       نطابلا رفح
city    * 0.042 2.034-  1.13245    2.30378-      ةمركملا ةكم
city     0.698 0.388-  1.05134    0.40807-             عبنی
Multiple R-squared:  0.4237, Adjusted R-squared:  0.4218  
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