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ABSTRACT 

This paper investigates the effects of an unprecedented education policy called ‘double reduction’ (DR) on students’ 

performance, with evidence from China. One of the significant changes brought about by this policy is the transition 

of examination scores from a numerical system to a grading system. We found a junior middle school in a small town 

in Guangzhou that met the requirements for a natural experiment, and we used such unique data to examine three 

hypotheses. After the implementation of DR, the ‘rat race’ reflected on the students’ grade is reduced. To examine 

heterogeneity, we apply quantile regression showing that the high-ability students exert less efforts on the ‘rat race’ 

than low-ability students. Meanwhile, we also provide possible explanations in terms of this phenomenon. Overall, 

this study not only does it assess the grading transformation that DR policy induced but also fills the gap in the field 

of DR from an economic perspective. 
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1. Introduction 

The ‘double reduction’ policy, an education policy that aims to effectively reduce the heavy homework burden 

and extracurricular training load on students at the compulsory education stage, has been implemented and has 

had profound impacts in Chinese education since July 2021. Before the reduction policy, with the rapid economic 

growth leading to a more prosperous daily life in recent years, parents tended to arrange after-school classes for 

primary school students (Song, 2022) so that their children would not be fallen behind by other peers. Such an 

educational competition known as ‘rat race’ (the same as the Chinese slang term ‘NeiJuan’, which is widely used to 

reflect a fact that most of Chinese students must exert vast amounts of their leisure time to improve their study due 

to the fierce school entrance examination, which provides limited high-quality teaching resources. According to a 

recent report from UNICEF China, it is a common situation in China that the K-12 (primary and secondary education) 

students have excessive homework and extracurricular assignments. After the implementation of the DR policy, 

teachers need to help the students with their homework and solve the learning problem, making sure that the 

students finish most of the homework at school and no need is relevant to take it back home or ask the teachers in 

the institution to help them (Song, 2022). What a noteworthy effect the policy induces is that such an educational 

policy has greatly changed the K-12 students’ learning mode and caused significant transformations in related 

industries. In recent years, there is a growing body of research on this policy, leading to various kinds of topics, such 

as off-campus training industry and innovations in pedagogy (Yin and Lai, 2021; Guo, 2022; Fu et al., 2023). And it 

is confirmed that the effects of extracurricular tutoring in different subjects on the academic performance of middle 

school students exhibit heterogeneity, and these effects on students of different ability levels also exhibit 

heterogeneity (Hu et al., 2021). However, these studies primarily focus on the fields of education and psychology, 

but rarely do they discuss DR policy from an economic perspective. 

Most of the studies in terms of DR policy neglect a grading system transformation change, which only happened 

in several areas in China. During this period, some junior high schools transform their initial numerical and absolute 

score to letter and relative score. However, the incentives of the transformation that apply to students’ learning 

remain unknown, especially in the case of China. To investigate such an issue, we obtained the academic 

performance of students over three cohorts from a middle school in Guangzhou as our research subject. These 

students enrolled in three different but consecutive years, entering school from 2018 to 2020, respectively. In their 

three-years study, DR policy coincidentally occurred during middle school education for the last two cohorts of 

students, thus ideally dividing our sample into an experimental group after policy induced and a control group 

before policy induced. 

In our study, we have three main findings. Firstly, with a Difference-in- Differences (DID) strategy, the policy 

has a negative effect on students’ mathematics score. Secondly, we employ quantile regression to conduct further 

research about student academic performance heterogeneity. Interestingly, all the students’ scores of statistical 

significance fall to some extent, regardless of the score range they fall into. However, students originally in higher 

percentiles experienced a greater decline in scores. This further implies an alleviation of the ‘rat race’ phenomenon, 

which is quite widespread in Chinese education. Furthermore, using the label theory and former studies regarding 

grading system, we provide possible explanations for students’ behavior. The transformation from absolute grading 

to relative grading (from numerical grading to letter one) implies that the initial ‘label’ of students has significantly 

been weakened as it becomes vague. Hence, students do not need to exert so much effort to achieve or maintain the 

‘status’ among the classmates. On the other hand, from the perspective of rational actor, the course (letter) grading 

offers students less incentives to pay relentless effort to the diminishing marginal utility, which can be regarded as 

a reflection of academic scores, because there are more leeway for the students to remain the same appraisal 

unchanged. It is important to clarify that, in real-world educational settings, numerical or letter grading does not 

necessarily correspond to absolute or relative grading systems. However, under the context of the DR policy, 
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numerical grading functions as an absolute evaluation standard, whereas letter grading reflects a relative grading 

scheme. 

This paper contributes in the following ways. First, our data set is unique. Due to remote geographical location 

and poor transportation accessibility of the selected school, the data set we use was not affected by private tutoring, 

our model substantially mitigates the effect of confounding factors. Second, we provide empirical evidence to the 

DR policy effect with a natural experiment, which fills the gap in the empirical study of DR policy. Third, we provide 

explanations for the student behavior to the transformation from absolute (numerical) grading to relative (letter) 

one and for labelling theory in Chinese education context. Besides, we substantiate that the traditional theoretical 

framework cannot exhaustively explain the reality based on different assumptions and situations - different 

national conditions and educational models, and it should be discussed case by case. 

The remaining sections are structured as follows: Section 2 presents the literature review, Section 3 outlines 

the theoretical framework, Section 4 provides empirical evidence, and Section 5 concludes. 

2. Literature Review 

2.1. From Numerical- to Letter- Grading: A Transformation of Grading System 

The DR policy in China has been widely implemented and has generated a profound effect in elementary 

education (Guo, 2022). The most conspicuous change is about the grading system, a transformation from numerical 

grading (like 100, 99, 98, …) to letter grading (like A, B, C), which is a more lenient and coarser one (Dubey and 

Gianakopulos, 2010). The debates concerning which grading system is better to motivate students has been 

extensively discussed since 2021. To be specific, studies have discussed in a theoretical aspect about which grading 

scheme is the better one to incentivize students, numerical grade, or letter grade. When the numerical grading is 

used, there is a more explicit ‘anchor score’, which helps students assess their intrinsic ability so that numerical 

grading informs students that their score closes to their anchor. In contrast, letter grading, a coarser scheme, may 

trigger demotivation because students may be degraded to an inferior range simply due to nuance. Therefore, when 

students’ scores are highly likely to be close to their anchors, numerical grading always outperforms any arbitrary 

choice of uniform letter grade. But when the demotivational effect is smaller than the motivational effect, letter 

grading is better (Micha, Sekar, and Shah, n.d.). Similarly, another research also concludes that if students care 

mainly about their relative rank in class, the numerical examination score is a much better way to motivate students 

to work, instead of clumping them into letter grading (Dubey and Gianakopulos, 2010). However, another opposite 

view is that the letter categories in the form of ABCDF, for assigning grades, gained in popularity during the 20th 

century due to findings that more opportunities for errors were present with percentage scales (Huey, et al, 2022). 

Even though these studies provided sufficient theoretical evidence to support the grading system, they lack 

empirical analysis to explain reality. Based on different assumptions, different national conditions and educational 

models, scholars drew different conclusions in terms of the pros and cons of the grading system. Hence, the similar 

transformation of grading system in China, changed from numerical grading to letter one, should be examined case 

by case. To the best of our knowledge, academic community pay more attention to the DR policy’s effect on the 

education industry or other aspects, such as public-private partnership school (Dai, 2023; Qian, Walker, and Xu, 

2023). But there are few surveys about the concealing effect of scores that the policy developed, which means that 

using letter grading conveys vague information than the former numerical grading did. Using students’ score data 

from a junior high school from Guangzhou and examining the heterogeneity of student performance stratification, 

our study offers an innovative and empirical perspective about this grading issue and tries to figure out the possible 

explanation and evaluates the DR effect in Chinese education. 
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2.2. Heterogeneity in Student Performance Across Different Score Ranges 

Grading can evaluate the quality of student’s work when not only is the student in school but also in the labor 

market (Betts, 2005; Walvoord and Anderson, 2011). Besides, it is a consensus that the grade is not just an output 

of the educational process but can also act as an input (Gray and Bunte, 2022), which could be a more important 

determinant of a student’s progress even than teacher’s level of education and experience (Betts, 2005). However, 

based on different assumptions and situations, the previous research drew diverse conclusions. For example, there 

are significant differences between accounting and business majors and non-business majors with different key 

aspects (Giacomino and Akers, 1998; Ridener, 1999). Theoretically, one general argument is that stricter grading 

motivates students to put more effort into their study (Adams and Torgerson, 1964; Johnson and Beck, 1988; 

McClure and Spector, 2005; Walvoord and Anderson, 2011). According to the model of educational achievement 

using education production functions, an increase in grading standard in academic achievement will also increase 

student effort, achievement, and wages for the majority of students who initially strictly preferred one letter grade 

over others, but for those who feel initially indifferent about two adjacent letter grades, they will suffer negative 

effect, strictly preferring the lower letter grade and exerting no effort (Betts, 2005). Empirically, the student-level 

data provided by the school board of Alachua county shows that high standards in grading system differentially 

affect students, with initially high-ability students experiencing the largest benefit (at least in reading) from high 

standards and that more interestingly, initially low-ability students benefit most from high standards when their 

classmates are of high-ability, while initially high-ability students benefit most from high standards when their 

classmates are of low-ability (Figlio and Lucas, 2004). Another study evaluated the effects of strict and lenient 

grading scales on students with high and low SAT scores, concluding that students with low SATs earned better test 

scores if they were graded on a strict rather than a lenient scale because they were grade-oriented and placed on 

an especially high value on grades (Johnson and Beck, 1988). Moreover, using the data from High School and Beyond 

survey, a study also concludes that higher standard raises test scores throughout the distribution of achievement, 

but that the increase is greatest toward the top of the test score distribution. In this way, more able students may 

increase effort to reach the new standard. Less able students must exert vast amounts of effort to increase their 

achievement. However, students at the lower end of the achievement distribution may be unaffected by the changes 

in grading standards (Betts and Grogger, 2003). 

In addition to the strict or lenient grading scale, whether it is absolute or relative, can make a difference in 

students’ behavior. Absolute grading system means that students will pass the class if they meet a given standard. 

While relative grading system means that the final assessment of one only, depends on his/her performance of 

students in the class. The author employed data of the students who studied in the University of Chile in twenty 

consecutive years. She found that low-ability students exert higher effort when the grading system changed from 

absolute to relative and that high-ability students reduced their effort after this change (Paredes, 2017). The grade 

system experienced the same transformation from absolute grading, numerical score, to relative grading based on 

each different score interval, letter criteria after the DR policy. In our study, we show some differences between 

Chile and China when it comes to the similar grading change. To be more specific, the transformation reduces the 

grades of students in all score ranges, with a more pronounced decline in the high-score range. Therefore, we try to 

sort out the reason why such a heterogeneity exists between Chile and China and to provide evidence in the 

empirical analysis about the grading change. 

There are several views about the effect of grading system, including positive and negative comments. 

Boleslavsky and Cotton (2015) reckon that if high grades are assigned liberally, though a school would benefit, it 

would also cause ‘grade inflation’ that often imposes a welfare cost on employers and other evaluators. Sikora (2015) 

applied mathematical theory to proof that the overall best grading schemes are those which assign on average all 

possible passing grades with equal frequencies, while other grading schemes are sub-optimal. In our study, we 
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discuss the advantages and disadvantages of the grading system change that was induced from the DR policy. Our 

objective is not to give a universal answer about the grading system but to assess the applicability about the grading 

system in China and provide a new perspective for the world as a reference. 

2.3. Labeling Theory 

Labeling Theory, which focuses on how individuals are affected by social labels, leads to corresponding 

behavioral changes. When individuals are labeled (for example, as criminals), authority figures and peers begin to 

treat labeled people as though they possess an undesirable personality trait (Braithwaite, 1989; Lemert, 1951). 

Duxbury and Haynie (2020) focus on the relationship between school punishment and adolescent academic 

achievement. They propose two labeling mechanisms that change behavior: individuals alter their self-assessment, 

and there is the peer effect resulting from changes in the conventional social network. This labeling mechanism 

explains the association between the labels attached to students and the changes in student academic performance. 

Boosting one's Academic Self-Concept (ASC) is linked to achieving a diverse range of educational goals. The 

more confident an individual is in her/his academic abilities (as indicated by a higher ASC), the more likely they are 

to excel academically. Conversely, a higher ASC is positively associated with academic proficiency (Marsh and Seaton, 

2015). 

Regarding the peer effects, Sacerdote (2011) points out that it has different mechanisms and degrees of 

influence on high-scoring and low-scoring students. Low-scoring students may experience pressure and frustration 

due to their high-scoring peers in their surroundings, which could lead to even poorer performance. As Hoxby (2000) 

noted, there is probably non-linear impact of peer effect, for instance, different genders or racial groups may vary. 

Furthermore, Hanushek, Kain, Markman, and Rivkin (2001) provide little evidence that the heterogeneity of peers 

in terms of variation in achievement levels affect growth in mathematics achievement, though students in the 

highest quartile do show a smaller peer effect. Burke and Sass (2011) confirmed that sizable effects observed in the 

non-linear models are obscured in the linear-in-means-models, after controlling both student fixed effects and 

teacher effects. Peer effects are somewhat smaller for students in the middle third of the distribution and smaller 

still for students in the highest third. Giannola, Busso and Berlinski (2022) indicate that students with lower grades 

can significantly influence the academic performance of high-achieving students. 

In our research, a label can be considered as the impression of each student based on their past academic 

achievements, such as a high-score student or a low-score student. We identify a sample with blurred labels, 

allowing us to explore the impact of excluding certain labels on the academic performance of high school students—

and this impact is heterogeneous. Our findings provide reverse confirmation of the conclusions reached by previous 

label theory, as both self-assessment and peer effect among students may be weakened potentially in our sample. 

3. Theoretical Framework 

Whether the students exert more effort or not greatly depends on the incentive they receive from the 

transformation of grading system. To better illustrate our findings, we introduce the labor market signaling model 

(Spence, 1978) and adapt it to explain the students’ behavior. Because students do not exactly know what specific 

scores, they obtain from the examination but get a coarser grade, the information asymmetry is deteriorated. As 

Spence (1978) showed in his paper, we also suppose that a student's academic output is directly proportional to 

the level of educational effort or diligence and that the higher-ability students typically have higher initial talent or 

abilities than their lower-ability peers, as indicated in the Figure 1 below –𝑀𝑃𝐻  (the marginal production of more 

capable student) is higher but still parallels to 𝑀𝑃𝐿  (the marginal production of less capable student). The ‘wage’ 

used in Spence’s model in y-axis represents the score in our paper. Initially, when the numerical grading is used, the 
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lower-ability student would spend a lower level of educational effort, represented as point 𝑒𝐿 on the x-axis. At the 

same time, their indifference curve intersects with their marginal output curve at the equilibrium point 𝐸𝐿 . On the 

contrary, the higher-ability student would spend a higher level of educational effort at 𝑒𝐻 and reach equilibrium 

at 𝐸𝐻 . 

After the DR policy, the school changed the grading system from numerical score to letter one, resulting in a 

change of students’ behavior. For the lower-ability students, in lower letter area, their marginal production curve 

no longer slopes upward. Because no matter how much effort students exert, as long as the grade locates in the 

same score interval, they still achieve same letter grade, leading to the same ‘production level’. Therefore, the 

marginal production curve becomes a horizontal line parallel to the X-axis, represented as line 𝐸𝐿′𝐸𝐿  on Figure 1. 

Within this range, regardless of the grade achieved, their output, as reflected in the letter grade, remains the same. 

Therefore, the lower-ability students would spend less effort than before, an educational effort on 𝑒𝐿′. The same 

situation also applies to higher-ability students, leading to a new marginal production curve 𝐸𝐻′𝐸𝐻 . Eventually, they 

would spend less effort and reach an equilibrium on 𝐸𝐻′. Hence, we can derive the first hypothesis from the policy 

implementation. 

 

Figure 1. Effects of Grading Transformation on Students’ Learning. 

Source: Own construction. 

Above, we have only discussed the extreme cases in which policies induce changes in student behavior. 

However, to what extent the student would be demotivated in one letter area remains unknown. Due to the law of 

diminishing marginal utility, high-ability students might reduce their efforts even further because of the excessive 

‘pain’ they endure from investing extra effort in the ‘rat race’ for each additional point. Consequently, this could lead 

to a more significant decline in their scores. Therefore, for students of different abilities, we make the following 

heterogeneous assumptions. 

Hypothesis 1: Compared to numerical grading, letter grading can lead to a demotivation of ‘rat race’ in students’ 
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efforts in learning. 

Hypothesis 2: The policy impact is heterogeneous and is expected to narrow the overall score difference 

(range/variance). 

Hypothesis 3: The policy impact is heterogeneous. High-ability students' scores are expected to decrease more 

significantly compared to low-ability students. 

4. Institutional setting and Data 

4.1. The Compulsory Education System in China 

Most schools in China are public institutions funded and staffed by the government’s education authorities, 

granting the government significant control over schools. The Compulsory Education Law of the People’s Republic 

of China mandates nine years of compulsory education, requiring all children aged six and above to attend school. 

In most regions of China, school-age children typically receive six years of primary education followed by three 

years of junior secondary education. Public primary and junior secondary schools generally admit children of school 

age based on their residence without entrance examinations. 

After completing junior secondary education, students usually need to take the High School Entrance 

Examination (habitually called ‘Zhongkao’ in Chinese) to qualify for admission to senior high schools or vocational 

schools. The Ministry of Education determines the general curriculum structure and the proportion of instructional 

hours for compulsory education, but schools in different regions have some autonomy to make adjustments within 

these guidelines. 

During the survey period for this study, in Guangzhou, the main subjects taught and assessed in primary 

schools included Chinese, Mathematics, and English. Other subjects, such as Music, Art, Physical Education, Natural 

Science, and Information Technology, were taught but not assessed. Chinese and Mathematics were introduced 

starting from the first grade, while English was typically introduced from the third grade. At the junior secondary 

level, the range of subjects taught and assessed expanded to include Politics, Geography, Biology, History, Physics, 

Chemistry, and Physical Education. Specifically, Politics, Geography, Biology, and History were introduced in the 

seventh grade (the first year of junior high school); Physics was added in the eighth grade; and Chemistry was 

introduced in the ninth grade. However, due to the focus of the Zhongkao in Guangzhou, which assesses only Chinese, 

Mathematics, English, Politics, Physics, and Chemistry, schools generally discontinue teaching Geography, Biology, 

and History in the ninth grade to allow students to concentrate on the subjects included in the examination. 

4.2. Policy Background 

In March 2021, six Chinese government departments, including the Ministry of Education, unexpectedly issued 

an order to primary and secondary schools: strict control of the frequency of examinations, and no disclosure of the 

examination results and rankings. Three months later, the Ministry of Education reiterated that students' 

examination scores, rankings, and other academic information should be made available to students and parents 

but should not be made public. In July 2021, the Chinese government officially introduced the highly anticipated DR 

policy. 

By the end of August 2021, the Education Bureau of Guangzhou City responded to the Ministry of Education's 

instructions by issuing two notices: the first notice required subordinate district education bureaus to vigorously 

crack down on ‘shadow education institutions’, while the second notice provided six specific operational 

requirements for the primary and secondary schools under its jurisdiction. Among these requirements,1 the first 

 
1 Other requirements of this policy are not related to our research. 
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and third are explicitly stated: (1) Strictly prohibit illegal supplementary classes. Compulsory education schools 

must not, under any circumstances or in any form, organize students for extra classes during holidays or rest times 

or organize or require students to attend training at external training institutions. (2) Strictly control the frequency 

of examinations. No more than 2 unified examinations per semester in junior high school. Holding special classes is 

strictly prohibited, as well as conducting any form of examinations or tests for the purpose of class allocation based 

on student performance. Student rankings based on examination results are not allowed, and examination scores 

should be presented using a level evaluation system. Public disclosure of student scores and rankings in any form 

is strictly prohibited. These two points can be considered as the primary impact of letter grading. 

It is important to note that Zhongkao still employs a numerical scoring system. Candidates are required to 

submit their school preferences before the Zhongkao, and high schools rank and admit students based on their 

numerical Zhongkao scores. Therefore, the DR policy does not mandate the use of letter grading for assessing 

students in junior high and primary schools; instead, numerical scores are initially generated and later converted 

into letter grades, with only the latter being allowed to be communicated to students. However, the specific method 

of transitioning from numerical grading to letter grading is not explicitly stated in the above directive policy 

documents, which gives schools significant discretion. In practice, some schools directly convert the percentage 

scores into classic five-letter categories (ABCDF) with pluses and minuses, for example, 95-100 points are classified 

as A+. Some schools convert them into ABCD categories based on the ranking of scores. In our paper, we particularly 

examine the latter one, which is a relevant grading. 

We found a junior middle school in a small town in Guangzhou that met the requirements for this natural 

experiment prompted by the DR policy. This is the only middle school in the town, with an enrollment range 

covering all eligible students in the town. Importantly, the town has never had any publicly listed middle school 

tutoring institutions, so students have had very limited opportunities to participate in external training institutions. 

Due to the high transportation and time opportunity cost, an overwhelming proportion of students would not 

participate in external courses before and after policy period. They have been largely unaffected by the education 

and training institution industry, which means that they can be considered unaffected by the policy that preceded 

the DR policy. 

To sum up, for students who had already enrolled in the school before the fall semester of 2021, the substantial 

impact of the formal implementation of the DR policy was that they could no longer know their specific rankings 

after formal examinations and could only receive grade-based results (A, B, C, D). The four grades corresponded to 

the top 25%, 25%–50%, 50%–75%, and 75%–100% in terms of ranking. Since students had access to correct 

answers after the examinations (e.g., teacher explanations and online searches), they could generally infer their 

examination scores. Therefore, not disclosing the ranking essentially blurred the students' ranking information. 

Hiding their specific ranking information from students created asymmetrical information, making students the 

disadvantaged party in terms of information. How this information asymmetry will change students' motivation 

and ultimately affect their behavior (reflected in future performance) is worth exploring. 

4.3. Data 

We obtained the examination scores2 of three cohorts of students (admitted in 2018, 2019, and 2020) from 

this junior high school in Guangzhou. Each cohort comprises approximately 330 students, divided into eight classes 

randomly. Except for students who were transferred during the school year, each student studied at the school for 

three years, with variations in the subjects studied in different school years. The school is allowed to organize two 

 
2 Some physical education scores are included in the dataset, but these scores is not affected by the ‘DR’ policy, because the results 
(such as running times) cannot be kept confidential technically. 
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formal examinations, mid-term and final, during each semester. The examination content is determined by the 

school’s academic affairs department. Notably, there are no final examinations in the spring semester of the third 

year of junior high (the ninth grade); instead, the students take the Zhongkao. Therefore, a complete dataset would 

include the scores for eleven consecutive examinations taken by the students, spanning from the fall semester of 

2018 to the spring semester of 2023. Particularly, we use the mathematics score first to substantiate our study for 

the reasons are not only that most of studies use mathematics score as a proxy to gauge students ’achievement, but 

also mathematics score is one of the essential components of students' academic performance and a significant 

reflection of their knowledge and abilities. Therefore, researching the impact of a student's mathematics grades and 

their peers on academic performance can provide a better understanding of how peers influence students' 

academic achievements, further emphasizing the importance of peer interactions in student learning. Additionally, 

mathematics grades offer an objective and quantifiable measure, making it easier to study and analyze the influence 

of peers. Furthermore, we use the Chinese and English score to execute our robustness test. Additionally, we have 

obtained a list of mathematics teachers, and the teachers do not change their assigned classes midway through the 

semester. We do not use actual calendar dates as time variables; instead, we use the sequence of examinations after 

students enter middle school. For instance, the first examination taken by students in the first semester of middle 

school is denoted as t = 1. This approach ensures that the scores of the three cohorts of students are comparable 

over time. For the students admitted in 2018 (graduating in the summer of 2021), they were not affected by the 

policy. For the students admitted in 2019, the policy took effect at t = 9, where examination scores were no longer 

publicly ranked, which means from t = 10 onwards, they would not know the scores of the previous examination 

due to the implementation of DR policy. Similarly, for the students admitted in 2020, the policy started at t = 5, and 

from t = 6 onwards, they would not know the scores of the previous exam. Table 1 below presents the descriptive 

statistics of the mathematics score and other variables of the 3 cohorts. 

Table 1. Summary Description. 

A. Descriptive statistics of mathematics score 

Cohort N Mean Max Min Q25 Q50 Q75 Std 
2018 3205 59.03 114 1 40 63 79 24.57 
2019(pre-treat) 2638 60.21 120 0 41 63 80 25.55 
2019(post-treat) 648 69.41 112 2 55 75 88 24.84 
2020(pre-treat) 1760 67.65 120 0 49 73 89 27.27 
2020(post-treat) 2075 65.42 116 0 44 72 88 27.80 

B. Descriptive statistics of gender 

Cohort Male Female Sum 
2018 189 (57.8%) 138 (42.2%) 327 
2019 177 (53.2%) 156 (46.8%) 333 
2020 181 (50.7%) 176 (49.3%) 357 

C. Descriptive statistics of mathematics teachers. 

Cohort Name of Teacher Number of Students 

2018 

Fu 77 
Lay 81 
Lei 82 

Liang 82 
Liu 41 
Wu 41 
Xu 41 

Zhong 80 
Zou 82 

2019 
Liang 82 
Tan 163 
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Tang 83 
Xiang 83 
Xun 84 

2020 

Chen 87 
Cheung 88 

Guo 89 
Lee 89 

Leung 89 
Li 88 

Liu 44 
Tan 89 
Xu 45 

Zhang 88 
Source: Own construction. 

5. Empirical Strategy 

5.1. The Standard Difference-in-Differences (DID) Model 

We first construct the following multi-time period DID model to estimate the impact of the policy shock on 

overall student performance: 

𝑀𝑎𝑡ℎ𝑖,𝑡 =  𝛼 + 𝛽1 ∙ 𝐶𝑜𝑛𝑐𝑒𝑎𝑙𝑖,𝑡 + 𝛽2 ∙ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡 + 𝜇𝑖 + 𝜃𝑡 + 𝜀𝑖,𝑡 (1) 

in which i and t represent students and examination periods, respectively. The explained variable, 𝑀𝑎𝑡ℎ𝑖,𝑡, which 

is the mathematics score achieved by student i in the t-th examination. The policy dummy variable 𝐶𝑜𝑛𝑐𝑒𝑎𝑙𝑖,𝑡 is 

taking value 1 when student i affected by the policy and the policy had been implemented before the t-th 

examination, otherwise, it takes the value 0. Individual fixed effects 𝜇𝑖   and time fixed effects 𝜃𝑡  are both 

controlled for, where the former captures individuals that do not change over time, and the latter captures common 

factors changing over time for individuals. 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 are a set of control variables, including student i's gender and 

class, as well as the student i's mathematics teacher in the t-th examination period. 𝜀𝑖,𝑡  is the error term. It is 

important to note that, due to the absence of any inter-class transfers among all students, there exists a complete 

multicollinearity between individual fixed effects and either class fixed effects or cohort fixed effects. 

To make full use of the dataset and improve the goodness of fit, we made a slight modification to Equation (1). 

The original individual fixed effects 𝜇𝑖  in Equation (1) were replaced by class fixed effects, as well as by the average 

ranking percentage 𝑃𝐺𝐵𝐻𝑠𝑐𝑜𝑟𝑒𝑖 for student i in the four subjects of Politics, Geography, Biology, and History in 

their first examination after entering the middle school (i.e., t =1). The reason for selecting these 4 subjects is that 

students only study Chinese, Mathematics, and English in primary school, while Politics, Geography, Biology, and 

History are new subjects introduced in junior high. 𝑃𝐺𝐵𝐻𝑠𝑐𝑜𝑟𝑒𝑖 is to some extent reflecting student i's academic 

foundation unrelated to a specific discipline. Table 2 reports the estimation results for Equations (1). To examine 

the robustness of the model, each column in Table 2 presents the estimated policy effect under different sets of 

control variables. 

Table 2. Effect of Policy Shock Interpreted by Difference-in-Differences Model. 

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

Conceal -3.245*** -3.368*** -3.249*** -3.248*** -3.366*** -3.365*** 
 (0.448) (0.404) (0.451) (0.451) (0.407) (0.407) 
gender   2.008**  1.993**  
   (0.857)  (0.856)  
PGBHscore   0.778*** 0.774*** 0.778*** 0.774*** 
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   (0.015) (0.016) (0.015) (0.016) 
Mathematics Teacher Yes  Yes Yes   
Class   Yes Yes Yes Yes 
Individual-fixed effect Yes Yes     
Time-fixed effect Yes Yes Yes Yes Yes Yes 
Observations 10323 10323 10272 10272 10272 10272 

Note: Robust standard errors in parentheses are all clustered at the student level. * p<0.1, ** p<0.05, *** p<0.01. The first 2 
columns control for individual fixed effects, while the subsequent 4 columns replace them with PGBHscore and control for 
class fixed effects. Column (1) presents the regression results of the baseline model represented by Equation (1); columns (2) 
and (5) do not control for mathematics teacher; columns (4) do not control for the gender; the estimates in columns (6) do 
not control for neither gender nor mathematics teacher. The gender variable is coded with females as the reference category, 
where females are assigned a value of 0, and males are assigned a value of 1. Source: Own construction. 

As seen in Table 2, the estimated coefficients of the policy shock dummy variable 𝐶𝑜𝑛𝑐𝑒𝑎𝑙𝑖,𝑡  that we are 

interested in are all statistically significant, and the estimation results that are numerically close also to some extent 

reflect the robustness of the model. This indicates that changing the grade disclosing policy has an overall impact 

on student scores, and the negative coefficient implies that the average effect of policy implementation on student 

scores is negative. This negative effect on scores is consistent with Hypothesis 1, which implies that transforming 

the numerical grading to letter grading results in a demotivation of ‘rat race’ in students’ efforts in learning. 

We provide the following explanation for this: for students, the time and effort they invested in their studies in 

the previous period can receive a positive incentive through the ranking of grades – better grades are the reward 

for diligent studying. However, after the policy implementation, this incentive is replaced by much coarser grade 

levels. The difficulty of moving up a grade level (e.g. from C to B) is far greater than gaining an extra point or 

improving by one place. Apart from a small group of students whose rankings are close to certain quartiles, the 

marginal cost of improving a grade level increases significantly for others. Consequently, students may be more 

inclined to maintain their current grade levels rather than seeking improvement. For one-quarter of students with 

an A grade level, there would not be any evidence of improvement on their report cards, something that was 

previously only seen for students who ranked first in their grade or scored full marks. Given that achieving a score 

of 99 and 85 both result in an A grade, but the former requires significantly more effort, considering the marginal 

cost, the optimal choice is to score just above the grade level. When most people make this choice, the average scores 

naturally decrease numerically. 

To further observe the dynamic effects in each specific examination and simultaneously test the parallel trends 

assumption in the baseline DID model, we constructed the dynamic model as shown in Equation (2), using the 

relative time with reference to the examination when the policy started taking effect ( 𝑇 − 𝑡𝑑 = 0 ). Here, 𝑡𝑑  

represents the first examination of each cohort for which numerical scores are not allowed to be disclosed, and 𝛪(·) 

is an indicator function, meaning that if the condition in parenthesis is satisfied, I = 1, otherwise, I = 0. 𝑇 − 𝑡𝑑  

indicates the timing of the t-th exam relative to the policy intervention, where negative values represent exams 

before the policy shock and positive values represent those after. For example, 𝑇 − 𝑡𝑑 = 2 refers to the second 

exam following the DR policy implementation. If the coefficients β𝑡
𝑝𝑟𝑒𝑐𝑢𝑡  and β𝑡

𝑝𝑟𝑒s are not significantly different 

from 0, while the coefficients β𝑡
𝑝𝑜𝑠𝑡s and β𝑡

𝑝𝑜𝑠𝑡𝑐𝑢𝑡  are significantly different from 0, it indicates that the baseline 

DID model constructed in this study satisfies the parallel trends test. 

𝑀𝑎𝑡ℎ𝑖,𝑡 = 𝛼 + 𝛽𝑡
𝑝𝑟𝑒𝑐𝑢𝑡 ∙ 𝐼𝑖(𝑇 − 𝑡𝑑 ≤ −5) + ∑ 𝛽

𝑡
𝑝𝑟𝑒 ∙ 𝐼𝑖(𝑇 − 𝑡𝑑 = 𝑡)

−1

𝑡=−4
+ ∑ 𝛽

𝑡
𝑝𝑜𝑠𝑡 ∙ 𝐼𝑖(𝑇 − 𝑡𝑑 = 𝑡)

4

𝑡=1

+𝛽𝑡
𝑝𝑜𝑠𝑡𝑐𝑢𝑡 ∙ 𝐼𝑖(𝑇 − 𝑡𝑑 ≥ 5) + 𝛽 ∙ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡 + 𝜇𝑖 + 𝜀𝑖,𝑡 (2)

 

The estimated results of Equation (2) are presented in Table 3 and Figure 2. In Figure 2, the numbers on the 

horizontal axis correspond to the coefficient names in Table 3, representing the time relative to the policy 
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implementation point 𝑡𝑑 . For example, 4 in the horizontal axis denotes the fourth examination after the policy took 

effect. It can be observed that coefficients for the β−2
𝑝𝑟𝑒

 , the penultimate examination, or other earlier examinations 

before policy implementation are not statistically significant, with 95% confidence intervals covering zero line in 

Figure 2. In contrast, after policy took effect (points to the right of the dashed line), all coefficients are significantly 

negative, further confirming the robustness of the estimates in Table 2. However, as shown in Table 3, the coefficient 

for the examination just one period before policy implementation is significantly positive, suggesting the possible 

existence of some unaccounted-for destabilizing factors, probably attributed to student heterogeneity. In the 

placebo test in section 4.4.1, we artificially generated placebo variable, which moves the time of policy 

implementation one period ahead to further check this issue. 

Table 3. Dynamic Effects in Each Examination. 

△ -5 -4 -3 -2 -1 1 2 3 4 5 

𝜷𝒕  -2.412 -0.407 0.985 -0.842 3.241*** -6.264*** -1.343* -11.586*** -2.326* -6.045*** 
 (1.28) (0.91) (0.73) (0.60) (0.45) (0.49) (0.63) (0.75) (1.08) (1.27) 

Note: Robust standard errors in parentheses are all clustered at the student level. * p<0.05, ** p<0.01, *** p<0.001. 

 

Figure 2. The Dynamic Effects in Each Examination. 

Source: Own construction. 

5.2. Heterogeneity program effects 

We then conducted a Wilcoxon two-sample rank-sum test to non-parametrically examine whether the 

distribution of students' scores is different before and after the policy shock. The two samples involved in the test 

are the scores of the treatment group before and after the policy implementation. 

From Table 4, it can be observed that the p-value is very small, allowing us to reject the null hypothesis, 

indicating that there is a significant difference in students' mathematics scores between before and after the 

treatment. This suggests the need to further investigate the heterogeneity of the treatment effect on top of the 

standard DID model. 
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Table 4. Wilcoxon Two-sample Rank-sum Test Result. 

Cohort N Rank Sum  Expected 

Pre-treat 4398 15181306  15661278 
Post-treat 2723 10176575  9696603 
Combined 7121 25357881  25357881 
𝒁 = −𝟓. 𝟔𝟗𝟒   Prob>|𝑍| = 0.0000 

Note: 𝐻0: 𝑃𝑟𝑒 − 𝑡𝑟𝑒𝑎𝑡 = 𝑃𝑜𝑠𝑡 − 𝑡𝑟𝑒𝑎𝑡. Source: Own construction. 

Hence, we construct a quantile DID model based on Equation (1). It seems inappropriate to reapply the 

dynamic effects model to test the parallel trends assumption in quantile regression. We draw inspiration from the 

innovative approach in the model proposed by Fang et al. (2020) and introduced the term 𝑃𝑟𝑒𝑡𝑟𝑒𝑛𝑑𝑖.𝑡   into 

Equation (1), which takes the value 1 for students in the treatment group who have not yet affected the policy. The 

estimated coefficient γ, which is presented in Table 4, can be used to test the parallel trends assumption in the DID 

model. 

𝑀𝑎𝑡ℎ𝑖,𝑡 =  𝛼 + 𝛽1 ∙ 𝐶𝑜𝑛𝑐𝑒𝑎𝑙𝑖,𝑡 + 𝛾 ∙ 𝑃𝑟𝑒𝑡𝑟𝑒𝑛𝑑𝑖.𝑡 + 𝛽2 ∙ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡 + 𝛽3𝑃𝐺𝐵𝐻𝑠𝑐𝑜𝑟𝑒𝑖 + 𝜃𝑡 + 𝜀𝑖,𝑡 (3) 

Subsequently, we performed simultaneous quantile regressions on each decile of Equation (3) to further 

explore the impact of the treatment effect on the shape of the student performance distribution. Standard errors 

were computed through bootstrapping for 400 repetitions. The results are presented in Table 5. It can be observed 

that the coefficients of 𝑃𝑟𝑒𝑡𝑟𝑒𝑛𝑑𝑖.𝑡   are not significant at all quantiles, indicating that the parallel trends 

assumption is plausible. Regarding the estimated coefficients of the policy shock variable 𝐶𝑜𝑛𝑐𝑒𝑎𝑙𝑡, at the lowest 

20% of student scores (q10, q20), the t-test does not reject the null hypothesis, meaning that the policy did not have 

a significant impact on these students. However, from the 30th percentile (q30) up to the highest 90th percentile 

(q90), the coefficients are highly significant and appear to decrease progressively. In other words, compared to 

lower-scoring students, the policy has a more significant impact on higher-scoring students. 

Table 5. The Policy Effect and Parallel Trend Test on Quantiles Interpreted by DID Model. 

Quantile q90 q80 q70 q60 q50 q40 q30 q20 q10 

Conceal 
-7.826*** -6.493*** -4.956*** -4.878*** -3.936*** -3.777** -3.528** -2.273 -2.508 
(1.443) (1.153) (1.156) (1.284) (1.364) (1.349) (1.298) (1.459) (1.769) 

Pretrend 
-2.167 -1.797 -2.721 -2.101 -1.967 -1.663 -1.192 -0.082 -2.558 
(1.668) (1.403) (1.445) (1.477) (1.405) (1.550) (1.415) (1.763) (1.993 

Observations 10272         

Note: Standard errors in parentheses, * p<0.05, ** p<0.01, *** p<0.001. Source: Own construction. 

To provide a more visual representation of how the coefficients change across quantiles, we have plotted Figure 

3. As shown in the figure, the lines for each quantile coefficient slope downward. For students with lower scores, 

the policy's impact is approximately -3 points, but for the highest-performing students, the policy's effect can reach 

-8 points. Students in the middle range of performance experience impacts between these extremes, with negative 

treatment effects greater than those with lower scores and less than those with higher scores. This implies that the 

overall score differences among students have decreased as a policy consequence. 

This fact is consistent with Hypothesis 2 and 3, which predict a smaller range in students’ score and behavioral 

heterogeneity in different stratification, more demotivation for high-ability students and less demotivation for low-

ability students. This result can be explained with Label Theory. Initially, students' self-assessment could be 

achieved as examination scores are released. However, with the DR policy, students can only obtain vague letter 

grades. The Academic Self-Concept of better-performing students loses its motivation, causing them to be more 

affected than their lower-performing counterparts. Meanwhile, peer effects among students have been weakened 

with the non-disclosure of numerical scores, reducing the academic psychological stress and frustration for lower-
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performing students. 

 

Figure 3. The Policy Effect on Different Quantile Interpreted by DID Model. 

Source: Own construction. 

Donald & Lang (2007) argue that in cases with few groups and specific group-level shocks affecting time trends, 

the traditional linear DID model may underestimate standard errors. Similarly, Bertrand, Duflo & Mullainathan 

(2005) point out that in multi-period DID models, the standard DID method can severely underestimate the 

standard deviation of estimates. Hence, we used an improved set of non-linear DID estimators introduced by Athey 

and Imbens (2005) - the Change-in-Change Estimator CIC - to re-estimate the treatment effect. In fact, even earlier, 

Meyer et al. (2007) and Poterba et al. (1995) applied DID estimates at specific quantiles, but Athey and Imbens' 

approach is applicable to the entire counterfactual distribution, making it more generalized than traditional DID. 

Additionally, CIC's conditions are less restrictive than standard DID and provide greater flexibility in its application. 

Athey and Imbens (2005) offer further details on the identification of the CIC model for both continuous and 

discrete outcomes, as well as its potential disadvantages. Lucas and Mbiti (2012), Borah, Burns, and Shah (2011) 

and Dai (2021) have empirically used the CIC model and pointed out some practical considerations. 

Following the estimation framework from Athey and Imbens (2005), we employed the standard 2 × 2 model, 

using mathematical scores of students who admitted in 2018 as the control group and those who admitted in 2020 

as the treatment group, with the same definition of the time window as before. The following assumptions are 

imperative to identifying the treatment effect of the DR policy using CIC estimator. At first the continuous variable 

𝑌 denotes mathematics score, and it ‘generated’ by 

𝑌𝑁 = ℎ(𝑈, 𝑇) (4) 

where 𝑈 represents unobservable individual characteristics, 𝑇 is time indicator that takes the value 0 before 

policy and 1 after policy, and ℎ is a nonlinear unknown function that does not vary across groups, and between-

group differences are solely due to the distribution of U. Second, the ‘production function’ ℎ(𝑢, 𝑡) is non-decreasing 

in 𝑢. Third, the individual characteristics U remain stationary over time within a given group: 

𝑈 ⊥ 𝑇 | 𝐺 (5) 
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Fourth, the support of the treatment group does not exceed the support of the control group: 

𝑠𝑢𝑝𝑝[𝑈|𝐺 = 1] ⊆ 𝑠𝑢𝑝𝑝[𝑈|𝐺 = 0] (6) 

Fifth, given a specific time T and outcome variable Y, individual characteristics U are independent of the group 

assignment G. 

𝑈 ⊥ 𝐺|ℎ(𝑈, 𝑇), 𝑇 (7) 

These assumptions are reasonable in our data context. The key assumption requests the distribution of the 

‘production function’ 𝑈 within groups remains constant over time because 𝑈's definition is based on individual 

student characteristics. Our choice of experimental and control groups depends on students' enrollment years 

(entry year), and there are no students who skipped grades or repeated grades in the sample. Meanwhile, we 

incorporated  𝑃𝐺𝐵𝐻𝑠𝑐𝑜𝑟𝑒  as a covariate, which controls for individual characteristics of each student upon 

enrollment. There is ample reason to believe that these characteristics will not undergo significant changes over 

the relatively short observation period. Based on the above assumptions, the unobserved counterfactual CDF of the 

treatment group in the post-treatment period, 𝑌𝑁, 11 can be derived from the following formula: 

𝐹𝑌𝑁,11(𝑦) = 𝐹𝑌,10 (𝐹𝑌,00
−1 (𝐹𝑌,01(𝑦))) (8) 

Compared to continuous variables, we consider mathematical numerical scores, which are recorded as integers, 

to be discrete variables, as these scores result from adding up the points earned for each correct answer on the test. 

Specifically, for discrete variable Y, the distribution can be obtained from the following equation: 

𝐹𝑌𝑁,11(𝑦) = ∫ 𝑓𝑈,10(𝑢)𝑑𝑢
𝐹𝑌,01(𝑦)

0

(9) 

where 

𝑓𝑈,10(𝑢) = ∑ 1{𝐹𝑌,00(𝜆𝑘−1) < 𝑢 ≤ 𝐹𝑌,00(𝜆𝑘)} ⋅
𝑓𝑌,10(𝜆𝑘)

𝐹𝑌,00(𝜆𝑘) − 𝐹𝑌,00(𝜆𝑘−1)

𝐾

𝑘=1
(10) 

In that case, the Average Treatment Effect on the Treated (ATT) can be obtained from the following equations:  

𝜏𝐷𝐶𝐼𝐶 ≡ 𝐸[𝑌11
𝐼 ] − 𝐸[𝑌11

𝑁 ] 

and 

𝜏𝑞
𝐷𝐶𝐼𝐶 ≡ 𝐹𝑌𝐼,11

−1 (𝑞) − 𝐹𝑌𝑁 ,11
−1 (𝑞) (11) 

The results on each decile estimated by Equation (11) obtained in Table 6 and Figure 4 after repeating the 

bootstrap sampling 400 times are presented. The CIC estimates are slightly different numerically from our quantile 

regression estimates in Section 4.2, but as visually represented in Figure 4, the lines of the quantile coefficients still 

slope downward. Our previous conclusion remains valid and provide plausible evidence for our Hypothesis 2 and 

Hypothesis 3: the treatment effect of letter grading system has reduced overall score differences among students. 

Table 6. The Policy Effect on Different Quantile Interpreted by CIC Model. 

Quantile q90 q80 q70 q60 q50 q40 q30 q20 q10 

CIC 
-8.164*** -7.633*** -6.482*** -5.521*** -5.067*** -4.160*** -2.665** -1.836 -2.11 
(-1.975) (-1.945) (-1.305) (-1.598) (-1.217) (-1.47) (-1.335) (-1.152) (-1.36) 

Observations 7024         

Note: Standard errors in parentheses, * p<0.05, ** p<0.01, *** p<0.001. Source: Own construction. 
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Figure 4. The Policy Effect on Different Quantile Interpreted by CIC Model. 

Source: Own construction. 

5.3. Robustness 

5.3.1. Placebo Test 

In order to explore the potential weaknesses of the previous evaluations, we conducted a placebo test to test 

their reliability. As seen in the dynamic effects model established by Equation (2), the conditions in the period prior 

to policy implementation appear somewhat questionable. Therefore, we attempted to move the time of policy 

implementation one period ahead to observe if it would yield a strong association that should not exist. Specifically, 

the core indicator variables 𝐶𝑜𝑛𝑐𝑒𝑎𝑙𝑖,𝑡  in Equations (1) and (3) were respectively replaced with 𝑃𝑙𝑎𝑐𝑒𝑏𝑜𝑖,𝑡 =

𝐶𝑜𝑛𝑐𝑒𝑎𝑙𝑖,𝑡+1 (in particular, when t = 11 for students in the experimental group, 𝑃𝑙𝑎𝑐𝑒𝑏𝑜𝑖,𝑡  is set to 1). As shown 

in Table 7, the coefficients of 𝑃𝑙𝑎𝑐𝑒𝑏𝑜𝑖,𝑡  in the standard DID model are not significant, and most of the estimated 

results in the quantile models are also not significant. Compared to the significant effects observed in the previous 

section, this would suggest that the true policy intervention played a crucial role in the presence of causal effects, 

eliminating to some extent the temporal interfering factors. 

Table 7. Placebo Test of Treatment Effect. 

 Average q90 q80 q70 q60 q50 q40 q30 q20 q10 

Placebo 
-0.802 -4.102** -2.303 -0.586 -1.001 -0.673 -1.294 -0.778 -1.163 1.169 
(0.574) (1.261) (1.205) (1.079) (1.230) (1.088) (1.056) (1.165) (1.441) (1.638) 

Observations 10272 10272         

Note: Standard errors in parentheses, * p<0.05, ** p<0.01, *** p<0.001. Source: Own construction. 

5.3.2. PSM (Propensity Score Matching) 

To further examine the robustness of the conclusions drawn from the DID model, this study used propensity 

score matching combined with the double difference method, known as PSM-DID, to test the results. Because the 

changes in student performance in different score ranges may have inherent heterogeneity, i.e., with increasing age, 

high-scoring students may naturally have more pronounced changes in scores compared to low-scoring students. 
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This is determined by the characteristics of the student population itself, so the use of a simple DID model may not 

fully eliminate this type of sample selection bias, leading to biased policy effects. Therefore, this study, based on 

controlling for the average rank percentage of political, geographical, biological, and historical four subjects 

𝑃𝐺𝐵𝐻𝑠𝑐𝑜𝑟𝑒𝑖 and student gender variables 𝑠𝑒𝑥𝑖 , constructed a Logit model to determine whether students were 

affected by the score-concealing policy. This study then used radius matching with replacement to sample both the 

treatment and control groups for propensity score matching, and the matched sample was used for the baseline 

regression. 

 

Figure 5. PSM Bias of Different Variable and PSM Propensity Score. 

Source: Own construction 

After propensity score matching, as shown on Figure 5, it was found that the matching bias of each control 

variable had decreased to less than 10%, and the matched sample indicated that the treatment and control group 

samples were more balanced, indicating a good match result. 

The following Table 8 reports the regression results of the PSM-DID. The results show that the coefficient 

corresponding to 𝐶𝑜𝑛𝑐𝑒𝑎𝑙𝑖,𝑡 remains significantly negative, and numerically, the policy implementation is found to 

lead to a decrease of approximately 3.29 points in math scores. This result is consistent with the estimates of the 

baseline model before matching, indicating the reliability of the conclusions drawn from the original baseline model. 

Table 8. Policy Effect After Using Propensity Score Match Strategy. 

VARIABLES Score 

Conceal -3.291*** 
 (-7.33) 
Math Teacher 
Sex 
Class 
PGBHscore 
Time-fixed effect 
Individual-fixed effect 

Yes 
Yes 

- 
- 

Yes 
Yes 

Observations 10,264 
R-squared 0.140 

Note: Robust t-statistics in parentheses, *** p<0.01, ** p<0.05, * p<0.1. Source: Own construction. 

5.4. Other courses 

Although we mentioned earlier that using Chinese and English scores as the dependent variables may have 

limitations, and it is possible that representing the treatment effect on students using regression coefficients, as in 

Equation (1) and (3), is likely unreliable, we are still interested in these results. As demonstrated in Table 9, the 
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regression results for Chinese and English exhibit significant differences in absolute values compared to 

mathematics, but the negative coefficients imply Hypothesis 1 can be true. Also, we compared the regression results 

of different quantiles in Figure 6, the trend provides probable evidence of Hypothesis 2 and 3. 

Apparently, both Chinese and English grades at different quantiles decrease after the implementation of the DR 

policy, supporting Hypothesis 1. The differences in the absolute values of the estimated coefficients across various 

subjects reflect the heterogeneity of the impact of the DR policy on different subjects. Additionally, both Chinese 

and English grade decrease more in higher quantiles, but modestly in lower quantiles. It means that good students 

were affected more by DR policy than bad students. Such a fact supports Hypothesis 2 and Hypothesis 3. 

 

(a) Chinese       (b) English 

Figure 6. The Policy Effect on Chinese and English Score. 

Source: Own construction. 

Table 9. The Policy Effect on Chinese and English Score. 

 (a) Chinese (b) English 

Average -9.778*** -17.43*** 
 (-0.477) (-0.410) 
q10 -9.348*** -11.514*** 
 (-1.154) (-2.042) 
q20 -8.111*** -14.206*** 
 (-0.892) (-1.642) 
q30 -8.700*** -16.238*** 
 (-0.84) (-1.335) 
q40 -9.030*** -16.993*** 
 (-0.767) (-1.149) 
q50 -9.754*** -16.245*** 
 (-0.808) (-1.045_ 
q60 -10.141*** -16.472*** 
 (-0.763) (-1.198) 
q70 -11.728*** -16.512*** 
 (-0.739) (-1.238) 
q80 -13.345*** -16.853*** 
 (-0.901) (-1.244) 
q90 -15.776*** -15.917*** 
 (-0.911) (-1.251) 
Observations 8358 8360 

Note: Standard errors in parentheses, * p<0.05, ** p<0.01, *** p<0.001. Average estimates by function (2), and q* estimates 
by function (3). Source: Own construction. 
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6. Summary and Conclusion 

Our study delves into the impact of the DR policy in Chinese education. Since its implementation in July 2021, 

this policy has had profound effects on Chinese education. Prior to this policy, the competitive nature of education 

in China, often referred to as the ‘rat race’, led to extensive after-school classes and extracurricular activities for 

students, as parents sought to ensure their children remained competitive in the fiercely competitive school 

entrance examinations. 

Our study presents three key findings. First, we use a difference-in-differences (DID) approach to estimate the 

policy’s impact on student scores and find a negative effect on students’ mathematics scores. Second, we reveal that 

students across all scores range experienced score declines, but students in higher percentiles experienced greater 

declines. This implies a reduction in the ‘rat race’ phenomenon in Chinese education. Additionally, we provide 

possible explanations for students’ behavior based on labeling theory and grading system studies. 

Our research contributes in several ways. Initially, we obtained a rare and valuable sample for studying 

students’ academic performance, which allows us to exclude the influence of private tutoring institutions. It offers 

empirical evidence of the DR policy’s impact from an innovative perspective and its applicability in the Chinese 

education context. Moreover, we provide insights into student behavior resulting from the transition of numerical 

grading to letter grading. We argue that traditional theoretical frameworks may not comprehensively explain the 

impact of such policy changes due to varying national conditions and educational models, requiring a case-by-case 

analysis. 

This study uncovers the potential implications of information asymmetry on students’ motivation and behavior, 

emphasizing the importance of addressing information disparities in education. The findings presented here offer 

valuable insights for the field of education in China and provide essential information for future research and 

policymaking related to the DR policy. 
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