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Abstract

:

We sought to quantify the effectiveness of a gifted and talented (GT) program, as was provided to university students who demonstrated a talent for learning English as a foreign language (EFL) in China. To do so, we used propensity score matching (PSM) techniques to analyze data collected from a tier-1 university where an English talent (ET) program was provided. Specifically, we provided (a) a step-by-step guide of PSM analysis using the R analytical package, (b) the codes for PSM analysis and visualization, and (c) the final analysis of baseline equivalence and treatment effect based on the matching sample. Collectively, the results of descriptive statistics, visualization, and baseline equivalence indicate that PSM is an effective matching technique for generating an unbiased counterfactual analysis. Moreover, the ET program yields a statistically significant, positive effect on ET students’ English language proficiency.
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1. Introduction


Since the policy of Reform and Opening-Up was initiated in 1978, English has become the dominant foreign language subject at all levels of the Chinese education system [1]. The unique status of the English language has been constantly promoted and escalated as a result of several seminal events, such as China joining the World Trade Organization (WTO) in 2001, hosting the Olympic Games in Beijing in 2008, and initiating the policy of “One Belt, One Road” started by President Xi Jinping in 2013. These milestones have been accompanied by great opportunities for Chinese universities to demonstrate their value in preparing college students for the talent of international communication [2]. It has also led to an urgent need and shortage of foreign language talent needed to promote the progress of “introducing Chinese culture to the world” [3]. There has been growing interest in the effects of gifted and talented (GT) education around the world. The students who receive those services, although they could vary across different studies, generally speaking have demonstrated very high academic achievement performance in one or more subjects (e.g., [4,5,6]), or are ranked as above the 95th percentile on standardized tests [7]. However, in the field of GT education, the challenges do not only come from the identification of gifted students, but also the evaluation of GT programs. Evaluation within gifted education is essential, because it allows for monitoring the progress and growth of the GT students and furthering the effectiveness of the educational interventions [8]. In this study, we first review the cultural impact of GT education as well the current challenges of GT education in the English as a foreign language (EFL) context in China, especially regarding the issues related to methodology and evaluation. Furthermore, we present a practical yet rigorous evaluation method, propensity score matching (PSM), with steps and a demonstration to evaluate the effectiveness of a GT program for EFL, or an English talent (ET) program in the Chinese EFL education context.




2. Literature Review


2.1. Gifted and Talented and English as a Foreign Language Education in China


There are some unique social and cultural factors in the Chinese educational context that are reflected in GT education. First, Chinese culture places an extremely high value on education [9]. Students have no option but to perform well on the Zhongkao (entrance examination for high school) and in the National College Entrance Examination (NCEE) to be accepted into a well-known high school or top university [10]. It is worth noting that EFL is a required subject for both the Zhongkao and the NCEE, and carries the same weight in the scoring as other core courses, such as Chinese language arts and mathematics. Second, Chinese people have been greatly influenced by the ideology of collectivism, in which individuals should follow the expectation of his/her family and community [11], which leads to the phenomenon that a student’s academic achievement represents the glory (mianzi or “face” in Chinese culture) of his/her family [12]. Therefore, in Chinese culture, talented students are always associated with high social status, reputation, and prestige; their family has an even higher expectation of their academic success [9,13]. Third, Chinese general beliefs hold that GT is related to creativity in science, but barely so in liberal arts, which was reported in a few empirical [11,14]. For example, Zhang [13] emphasized that Chinese culture attributes “meritorious salience” to the value of high achievement, while western culture places more value on “aesthetic salience”, which results in GT-related research in China focusing on science-related disciplines instead of art or art-related subjects.



As was mentioned earlier, EFL is a required subject in the two most critical exams, the Zhongkao and the NCEE, for the students who intend to attend colleges and universities, and is the dominant foreign language education in China [1,15]. College English (CE) was established for undergraduate science majors in 1985 and for liberal art majors in 1986 [16,17]. Since then, CE has been designed as a two-year compulsory course for all non-English majors [15]. Moreover, the College English Test Band Four (CET-4) is the only nationwide standardized test for non-English major students at the university level [18], and many universities require students to pass this test as a prerequisite for obtaining a bachelor’s degree [15]. Based on Rao and Lei’s [19] analysis, college students take an average of 300 h of CE classroom instruction, which is equivalent to 16 credit hours to fulfill the bachelor’s degree. However, concerns have been raised regarding the extensive amount of instructional time with less challenging content that has failed to meet students’ needs [19] and made them less motivated [20], which led to a heated discussion of instructional hour reduction [15]. On the other hand, a more in-depth analysis showed that more than 90% of non-English major students passed the CET-4 in the first two years of college/university when CE was offered as a compulsory course; however, less than 10% scored 77% and above to be eligible to take CET-4 Oral Exam, a more advanced English proficiency sub-exam of CET-4 [15]. Tao also pointed out that many college students do not feel confident expressing their thoughts orally, due to limited English proficiency.



There are students who have demonstrated a higher level of English language proficiency and talents in expressing themselves in English, and they are exposed to great opportunities for receiving small-group training for speech competitions (e.g., the China Daily Cup, the CCTV Cup, and the 21st Century Cup) or advanced English public speaking courses limited to select students with highly advanced English language proficiency [15,21,22]. We only identified two studies that investigated the impact of this type of special course/training on students’ self-efficacy (i.e., [23]) or self-reflection on their progress in English language proficiency (i.e., [22]). However, there is no existing empirical study reporting the effectiveness of this small-group training/advanced course on the ET students’ English language proficiency, not to mention the methods to evaluate such effectiveness.




2.2. Evaluation Design Approach and Propensity Score Matching


As suggested by Yuen et al. [24], GT students spend less time practicing basic skills and benefit greatly from curriculum acceleration and higher-order thinking tasks. It is crucial to provide GT students with a learning environment where they can personalize and take ownership of their learning [25]. Because it is challenging for teachers to create equal opportunities for students with different levels of abilities in the same class [24], modifications of curriculum content and instruction or differentiated instruction for GT students are recommended [26,27,28,29]. However, the effectiveness of GT services remains to be established, due to the lack of rigorous research design (e.g., random assignment) to control for selection bias [30].



A randomized controlled trial (RCT), as the most powerful research design, can best detect the intervention effect on students, and is considered the gold standard for social, psychological, and education research [31,32]. Via randomization, students in the treatment and control conditions can be equivalent for both observed and unobserved background characteristics, thereby generating a relatively unbiased estimate of the impact of the program (i.e., GT services) on students’ achievement. However, it is not always realistic to randomly assign students to different programs—for example, students who qualify for GT services would all receive that service. An alternative approach to reducing selection bias and establishing comparability between conditions is the propensity score matching (PSM) technique [30]. A propensity score was proposed by Rosenbaun and Rubin [33] as a rigorous estimation of causal effect from observational data, and the matching technique uses propensity scores to correct for selection bias in nonexperimental/RCT studies, in which researchers can generate a “control” group that shares similar characteristics with a “treatment’ group. As was suggested by Hong and Raudenbush [34], as well as Shadish et al. [35], the proper use of PSM allows for a rigorously derived and relatively unbiased estimation of the treatment’s effect, which can approximate the findings obtained from RCT design [36]. Because of its ability to greatly reduce selection bias, PSM has started to catch researchers’ attention in the fields of education [30]. Take GT program for example, via PSM procedure, researchers can select a group of “control” students who share observed characteristics as the GT students, such as gender, learning experience, prior academic achievement, etc.



The purpose of this study is to demonstrate a practical yet rigorous statistical method to evaluate the effectiveness of the ET program. We used an example of 36 students from an ET program at a tier-1 university (University H) in China. These students were selected based on their scores (top 5%) on the English exam in the NCEE, as well as their performance in the ET qualification test held by University H. We demonstrated a step-by-step guide of PSM techniques in the R statistical package to select a comparable non-ET group for comparison. Via PSM procedure, we were able to match 36 ET students with another 36 students who demonstrated similar characteristics but did not receive the same ET services. We estimated the impact of ET education services on the ET students’ English language proficiency measured by the CET-4, compared to non-ET students. Our demonstration can guide researchers and practitioners in establishing an equivalent comparison group through a rigorous matching mechanism when randomization is not available due to realistic constraints. Such an approach has broader applicability to other program types as well. The use of a large sample of Chinese university students also informs researchers, practitioners, and administrators on the magnitude of ET education effects on university students’ English language learning.





3. Method


3.1. Research Design


In line with the focal university’s policy of “teaching students according to their aptitude”, the leadership team of University H, located in the central region of China, has launched an education reform, titled “7-2-1 mode”, with the following purposes: (a) prepare 70% of students to be ready for employment upon graduation, (b) ensure 20% of students are well-rounded with multi-functional ability, and (c) scaffold 10% of students who have innovative talents with elite education. In the Foreign Language School of University H, an ET program was established to support students who were rated in the top 5% of the NCEE and demonstrated a high level of English oral presentation. Our analytical sample included 3318 university students who were admitted to University H in 2016, with 36 students being enrolled in the ET program.



Both ET and non-ET student are required to take 64 College English instructional hours per semester, which accounted for 3 credit hours. For non-ET students, College English contains one curriculum—English for General Purposes (EGP)—while ET students are required to take two extra courses—English for Specific Purposes (ESP) and Intercultural Communication (IC)—within the same number of instructional hours. University H expected that adding higher-level EFL curriculum components and differentiated instruction would better support ET students’ development in English language proficiency. Furthermore, the ET instruction team is made up of experienced teachers selected by the administrators of the Foreign Language School. These teachers planned and prepared curriculum collaboratively, organized weekly with face-to-face discussions on course objectives and content, and further established a virtual chat room to discuss challenges and educational resources among themselves.



To evaluate the effectiveness of the ET service in University H, we used PSM to identify a comparison group that is non-ET, because random assignment of individual student into ET and non-ET is not realistic in the research context. In the following sections, we demonstrated steps in PSM matching using statistical package R [37,38].




3.2. Variables Included in the Propensity Score Matching Study


Five variables were included in the matching procedure: condition, major, gender, NCEE scores, and CET-4 scores (see Table 1). Condition is a dichotomous variable that categorizes participants as “control” or “treatment”. In this study, the students in the “treatment” condition received ET services, while the students in the “control” condition received tradition College English instruction (here EGP). Majors is a dichotomous variable that categorizes participants as “science” or “art” majors. Gender is a dichotomous variable that categories participants as “male” or “female”. Major, NCEE scores, and gender are three matching variables that were included in the PSM procedure. CET-4 score is the outcome variable for the comparison analysis.




3.3. Steps of the Propensity Score Matching Procedure


3.3.1. Step 1: Install R and MatchIt Packages


R is a free statistical software that can be downloaded from https://www.r-project.org/. The specific installation manual is provided on the website. Installation-related information can be found from the website https://cran.r-project.org/doc/FAQ/R-FAQ.html#What-machines-does-R-run-on_003f, which includes a basic introduction of R, platform/machines that R runs on, and how R can be obtained and installed. The PSM steps presented in this study are based on R 3.4.0. Once R is installed, the MatchIt package needs to be selected to conduct the PSM procedure. The package only needs to be downloaded once, but it will have to be loaded every time if R is re-opened for PSM analysis.



To install the MatchIt package, open R and select Packages > Install Package(s). A “Secure CRAN mirrors” list will pop up, as is shown in Figure 1. Select the site you prefer and click “OK”. Select Package > Install Package(s), then a new window will pop up (Figure 2). Select MatchIt and click “OK”. The package will be installed immediately. Next, click Packages > Load Package, and a new window will pop up (Figure 3). Select MatchIt and click “OK”. The package will then be loaded. MatchIt CRAN information can be referred to the website https://cran.r-project.org/web/packages/MatchIt/index.html [39].




3.3.2. Step 2: Data Preparation and Importing


In order to do PSM, the data layout should be formatted so that each case is listed in a row, and the variable is listed in each column, as is shown in Figure 4. PSM matching requires at least one grouping variable (e.g., condition) and one or more matching variables. In this study, we have two conditions, treatment (coded as 1) and control (coded as 0). We also have three matching variables: gender (male coded as 1, female coded as 0), major (science coded as 1, art coded as 0), and NCEE scores (continuous). In this study, we used the basic format of a comma-separated values (CSV) file. R is also compatible with other data formats, such as Excel and SPSS. You can drag the file from the folder into the R Console to get the location of the file. When importing data into R, we need to ensure that there are no missing values. In this study, our sample included 3549 university students who were admitted to University H in 2016, with 110 students being enrolled in the ET program. Those 110 students were regrouped into three classes taught by three teachers. To avoid instructor effect on the outcome, we randomly selected one ET class for PSM procedure and comparison analysis. After removing the missing values, we ended up with an analytical sample of 3373 in the control and 36 in the treatment conditions used in the PSM analysis. The file imported into R is named “PSMR.csv” and saved in the PSM folder on the C drive. The code “dataPSM <- read.csv (“C:\\PSM\\PSMR.csv”)” in Figure 5 is the code for reading the data in PSMR.csv and renaming it dataPSM. The second line in Figure 5 (“attach(dataPSM)”) is the code for making the file available in R. The third line in Figure 5 (“dataPSM [1:10]”) is the code for showing the first 10 students’ data, which is demonstrated in Figure 6.




3.3.3. Step 3: Perform Propensity Score Matching and Visualize the Results


The code “PSM.out = matchit (Condition ~ Major + NCEE + Gender, data = dataPSM, method = “nearest”, ratio = 1)” in Figure 7 is used to conduct PSM. In this study, “major”, “NCEE”, and “gender” are the three matching variables, and “condition” is the grouping variable. There are many methods for matching, including nearest, exact, subclass, etc. (see details in Ho et al. [39]). In this study, we chose nearest as the matching method for demonstration purposes. The matching ratio was 1:1. If a 2:1 ratio match is preferred, the code for ratio should then be “ratio = 2”. The results of the PSM were saved as PSM.out. The second code “summary (PSM.out)” is for summarizing the PSM procedure. Such a summary is demonstrated in Figure 8.



The results in Figure 8 show that matching worked successfully for the following observations. First, before matching, the mean of NCEE scores was 138.5 in “treatment” and 117.06 in “control”, a 21.44-point difference. However, after matching, the mean NCEE score remained the same in “treatment” and increased to 137.28 in “control”. The gap between the two conditions was significantly reduced to 1.22 points. Second, before matching, the “control” group had 8.28% more male students. After matching, the gap decreased to 5.56%. There was not much difference between the “treatment” and “control” conditions before and after matching regarding the “major” distribution.



Next, to visualize the match procedure, we presented two lines of code in Figure 9. The first line “plot (PSM.out, type = “jitter”)” is for a jitter plot of the distribution of propensity scores. The plot is demonstrated in Figure 10. Each bubble represents an individual student’s propensity score. We can see that, compared with the distribution of unmatched “control” units, the distribution of matched “control” units shared more similarity with the distribution of the matched “treatment” units. The second line in Figure 9, “plot (PSM.out, type = “hist”)”, is the code for histograms before and after matching by the condition. As is demonstrated in Figure 11, the histograms of matched “treatment” and matched “control” are not exactly the same, but they share more similarities than the pair of histograms for raw “treatment” and raw “control”.




3.3.4. Step 4: Export the Matched File


Once the PSM procedure was completed, we created a data set that only matched cases. The first line in Figure 12, “Final.data1 <- match.data (PSM.out)”, is the code for creating an R dataset named “Final.data1”. In this study, we had 36 students in treatment, who were then matched with 36 control students. Therefore, we expected 72 matched cases in the dataset “Final.data1”. The second line in Figure 12, “write.csv (Final.data1, file = “C:/PSM/FinalPSM.csv”)”, is the code for exporting this file as a CSV file that can be further analyzed in R or ANother statistical software, e.g., SPSS or STATA. The CSV file was named “FinalPSM.csv” and saved in the folder “PSM” in the C drive.




3.3.5. Tips for Common Errors


In the step of data preparation, we need to make sure there is no missing value. If there is, the PSM procedure cannot move forward (see Figure 13). Researchers need to check the original dataset and decide which way to deal with the missing value—either delete the participant records or simulate value for the missing part. Another tip is for importing the data. Researchers can also type in the location of the data, but when the file’s location is complicated, the best way is to drag the file from the folder into R Console to get the exact location (see Figure 14). (“C:\\PSM\\PSMR.csv”) is the file location, and it can be copied and pasted after the code dataPSM <- read.csv for importing the data.






4. Results


In the Results section, an independent sample t-test was conducted to examine the baseline equivalence of students’ NCEE achievement between the “treatment” and “control” conditions after PSM. The results displayed in Table 1 indicate that there was no statistically significant difference between the two conditions (p = 0.069, d = 0.44). Because the effect size of the baseline exceeded the standard of 0.25 proposed by What Works Clearinghouse [40], NCEE was included in the analytical procedure of examining the treatment effect on the post-test. Moreover, a chi-square test was performed to examine the difference between the “treatment” and “control” conditions regarding the distribution of gender and major after matching. The results in Table 2 suggest that there was no statistically significant difference between conditions in the distribution of gender (p = 0.637, φ = 0.056) or major (p = 0.789, φ = 0. 032). These results from the t-test and the chi-square test indicate that the PSM procedure produced a balanced treatment–control sample for further analysis.



An analysis of covariance (ANCOVA) was run to determine the effect of the ET program on students’ CET-4 achievement after controlling for their scores on the NCEE, which served as a pre-test (Table 3 and Table 4). We found that after adjustment for the NCEE score, “treatment” students performed significantly better on the CET-4 (F [1,69] = 15.609, p < 0.001, partial η2 = 0.179, see Table 5).




5. Discussion and Perspectives


5.1. Application of Propensity Score Matching in an English Talent Program in the English as a Foreign Language Context


Although researchers and practitioners have been advocating for the importance of increasing the effectiveness of GT programs [30], empirical research intending to address such needs have been methodologically limited and have not directly been investigated in China, especially in the subject of EFL. In this study, we sought to quantify the effect of such an ET program on Chinese university students’ English proficiency. Because random assignment was not realistic, we used the PSM technique to select a group of students who shared similarities based on the observed characteristics. The rationale for using PSM techniques was that there were pre-existing differences between the two conditions, as illustrated in Figure 8. During the PSM procedure, we were able to involve all students in the matching procedure, which greatly reduced selection bias.



One of the major contributions of this study is that we used empirical data to introduce a step-by-step protocol of the PSM procedure, using the R package in GT research, where there is no study available to guide the evaluation of GT services for EFL students learning English. Although only three matching variables were involved in this study, our protocol and codes can serve as a reference for researchers and evaluators who aspire to conduct a rigorous comparison study. We recommend that more variables be involved in the matching procedure when available [41]. Furthermore, besides the PSM protocol and codes, we also provided R code for summarizing and visualizing the distribution of propensity scores. The descriptive summary of the pre- and post-PSM data, propensity score distribution, and histograms can help researchers understand the procedure both statistically and visually, which also serves as evidence of the effectiveness of PSM. It is important to note that PSM techniques can only rule out the observed characteristics, but cannot rule out bias in the estimates due to the unobserved characteristics [42].




5.2. The Impact of an English Talent Program on EFL Students’ English Learning


In the follow-up analysis that examined the differences between “treatment” and “control” students regarding their performance on the CET-4, we checked the baseline equivalence on pre-test (i.e., NCEE) achievement, gender, and major using the matched dataset. We found that there was no statistically significant difference between the two groups in these three matching variables. Furthermore, we found that ET service can greatly improve EFL students’ English language proficiency as measured by CET-4. Furthermore, since the comparison was conducted between ET students and matched students, findings can be generalized, suggesting the effectiveness of EL services that supported EFL students organized as a natural class, instead of small group tutoring for competition purposes. Since our PSM and follow-up analysis were conducted within one university and with a final analytic sample of 72 students, we encourage future studies to involve multiple research sites with more ET students in the EFL context to achieve stronger generalizability.



Moreover, our findings also offer some insights regarding the quality of instruction needed to enhance students’ English proficiency. In the ET program, we added two higher-level EFL courses, English for Specific Purposes and Intercultural Communication, within the same amount of instructional hours for ET students; this is a possible reason why ET students overperformed their matched non-ET peers. Therefore, we agree with Tong et al. [43] that students need quality instruction with academically/cognitively challenging content, learning materials, and tasks [44] to improve their English language proficiency, so as to maximize the effect of instruction.





6. Limitations and Conclusions


Our study has two limitations. First, our propensity model only includes the available factors, and may not have included additional variables that predict EFL students’ English language proficiency. Therefore, our findings may still be affected by some undetected bias. Students in our “control” group were not formally identified as ET or non-ET, although their observed background characteristics were very similar, according to the PSM and chi-square results. We did match students on the observed factors. However, we were not able to account for the multilevel effect on the matched control group (e.g., students in the “control” condition nested within different teachers’ class). Therefore, the PSM procedure can only be proximately similar to an RCT procedure in the initial grouping process.



One purpose of our study was to provide an overall estimate of the ET program in the EFL context. Our intent-to-treat analysis only provides the estimate of this ET program on this group of ET students. There is a limited generalization for the application of our ET program in a traditional EFL setting. Further investigation into the effect of the ET curriculum, a combination of English for General Purposes, English for Specific Purposes, and Intercultural Communication, on the students with different levels of English language proficiency is desirable. Our point estimates of ET program’s effect are limited to a one-year college education. Intervention across a longer time period might have a stronger effect on ET students. Our study also did not measure additional aspects related to language learning, such as motivation, attitude, and learning strategies, in which ET students might differ from their non-ET peers.



To sum up, a range of pedagogical practices has been empirically proven to positively affect EFL students’ language learning. To date, however, there is limited empirical study investigating and evaluating what practices and curriculum support ET students’ English language learning in the EFL context, which indicates that the need for such an effort has been methodologically limited and has not yet responded to the needs of ET students who demonstrate talent in English learning. Our findings add a possible method to evaluate the effectiveness of ET service being delivered in the EFL context.
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	Acronyms
	Name



	EFL
	English as a foreign language



	PSM
	propensity score matching



	GT
	gifted and talented



	ET
	English talent



	WTO
	World Trade Organization



	CE
	College English



	CET-4
	College English Test Band Four



	RCT
	randomized controlled trial



	EGP
	English for General Purposes



	ESP
	English for Specific Purposes



	IC
	Intercultural Communication



	NCEE
	National College Entrance Examination
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Figure 1. Secure CRAN mirrors of the MatchIt package. 
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Figure 2. Installing the MatchIt Package in R. 
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Figure 3. Loading the MatchIt Package in R. 
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Figure 4. Layout of data for the propensity score matching (PSM) procedure. 
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Figure 5. Example of codes for loading a data set. 
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Figure 6. Demonstration of the first 10 cases of imported data. 
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Figure 7. Example codes for performing PSM and summarizing the results. 
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Figure 8. Results of the PSM procedure. 
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Figure 9. Codes for the visualization of the effectiveness of the PSM procedure. 
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Figure 10. Distribution of propensity scores. 
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Figure 11. Histograms of propensity scores before and after matching by condition. 
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Figure 12. Code to output a matched dataset. 
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Figure 13. R’s feedback for missing values. 
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Figure 14. How to get a data location. 
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Table 1. Description of variables for PSM.
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	Variable Name
	Type
	Role





	CET-4 scores
	Scale
	Dependent variable



	NCEE scores
	Scale
	Matching variable



	Gender
	dichotomous
	Matching variable



	Major
	dichotomous
	Matching variable



	Condition
	dichotomous
	Condition variable
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Table 2. The t-test results from comparing English talent (ET) and non-ET students’ National College Entrance Examination (NCEE) Scores.
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N

	
Mean

	
Std. Deviation

	
Std. Error Mean

	
t

	
p

	
d






	
NCEE

	
ET

	
36

	
138.5

	
3.112

	
0.519

	
1.85

	
0.069

	
0.44




	
Non-ET

	
36

	
137.28

	
2.457

	
0.409
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Table 3. Chi-square results from comparing ET and non-ET students’ gender and major.
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Gender

	
Major




	

	

	
Female

	
Male

	
Phi

	
p

	
Art

	
Science

	
Phi

	
p






	
Condition

	
Non-ET

	
18

	
18

	
0.056

	
0.637

	
10

	
26

	
0.032

	
0.789




	
ET

	
16

	
20

	

	

	
9

	
27
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Table 4. Descriptive statistics of adjusted outcome (on the CET-4) by condition.
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	Condition
	N
	CET-4
	Std. Deviation





	Non-ET
	36
	520.06
	39.414



	ET
	36
	557.64
	36.166
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Table 5. Analysis of covariance (ANCOVA) using NCEE as a covariate.
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	Predictors
	Dependent Variable
	df
	F
	p
	Partial Eta Squared





	Condition
	CET-4
	1
	15.069
	<0.001
	0.179



	NCEE
	CET-4
	1
	1.254
	0.267
	0.018











© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






media/file13.jpg





media/file4.png
Packages

MasterBayes
mastif

MAT

MATA
matchbook
Matching
matchingMarkets
matchingR

MatchLinReg
matchMulti
matconv
mateable
mathgraph
mathpix
matie

matlab






media/file18.png
I

> plot (PSM.out, type “jitter”)

> plot (PSM.out, tyvpe = “hist”)





media/file21.jpg
Density

Raw Treated Matched Treated
—r—T T R e e ummn]
00 02 04 06 08 10 00 02 04 06 08 10

Propensity Score Propensity Score.

Raw Control Matched Control
00 02 04 06 08 10 00 02 04 06 08

Propensity Score.

Propensity Score





media/file26.png
> PSM.out = matchit (Condition ~ Major + NCEE + (Gender, data = dataPSM, method = "nearest", ratio =1)
Error in matchit (Condition ~ Major + NCEE + Gender, data = dataP5M, method = "nearest", —
Mis=sing values exist in the data





media/file27.jpg





media/file3.jpg
matlabr

Matrixutis






media/file22.png
Density

Density

0.4 0.8 1.2

0.0

10

Raw Treated

| | | | | |
00 02 04 06 08 1.0

Propensity Score

Raw Control

[ I I I I |
0.0 0.2 0.4 0.6 0.8 1.0

Propensity Score

Density

Density

0.4 0.8 1.2

0.0

05 10 15 20

0.0

Matched Treated

0.0 0.2 04 0.6 0.8 1.0
Propensity Score
Matched Control
N I I I I I I
0.0 0.2 04 0.6 0.8 1.0

Propensity Score





media/file19.jpg
Unmatched Treatment Units

Matched Treatment Units

NN AT K
Matched Control Units.

TN N :
‘Unmatched Control Units

Wi

. . . . . .

00 02 04 06 08 10

Propensity Score






media/file7.jpg
1D

Condition

Variable 2

Variable 3

Studentl

Student2

Student3






media/file28.png
load ("C:\\PSM\\PSMR.csv")





media/file10.png
» dataP3M <- read.csv ("C:\\NPSM\\PSME.csv")
> attach (dataP3M)
> dataPSM [1:10,]





media/file14.png
> PSM.out = mactchit (Condition ~ Major + NCEE + Gender, data = dataPSM, method = “nearest”, ratio = 1)

> summary (PSM.out)





media/file11.jpg
stuid Gender CET4 Condition Science.Major NCEE

1610100101
1610100102
1610100103
1610100104
1610100105
1610100106
1610100107
1610100108
1610100109
101610100110

WD WN R

1

BRRRRRRR R

463
349
443
542
385
442
312
369
416
433

coocoooooo

1

BRPRRRRO R

127

95
123
136
104
116
119
131
113
125





media/file6.png
Select one

base

boot
class
cluster
codetools
compiler
datasets
foreign
graphics
grDevices
grid
KernSmooth
lattice
MASS

Matchiﬁ

Matrix
methods
mgcy
nlme
nnet
parallel
rpart
spatial
splines
stats
statsd
survival
tclthk
tools
translations
utils

Ok Cancel





media/file15.jpg
‘matchit(formula = Condition ~ Major + NCEE + Gender, data = dataPsM,

mechod = "nearestr, ratis = 1)

Sumary of balance for all data:

Means Treated Means Control SD Control Mean Dff eQQ Med ogg Mean e0Q Max

aistance. 0.4858. 0.0056
Hajor 0.7500 07458
weze 13815000 117.088
Gender. o.5556 o.6383

Summary of balance for matched data:

0.0403
o0l4332
1315037
0.4806

Means Treated Means Concrol SD Control

asstance. 0.4858 03063
Mazer 0.7500 0.7222
NeEE 13815000 137.2778
Gender o.sss6 05000

Percent Balance Inprovement:
Mean Diff. egg Med egQ Mean

discance  62.2083 67.4701 60.2775
Major  -18133.3333 0.0000  -Int
zE 532557 545946 s4.5612
Gender 328833 0.0000 33.3333
Sample sizes.

Concrol Treated
A 3262 36
Mazcned se a6
Unmatched 3246 °

Tisoanded o o

02198
o0ases
2lases
o.s0m1

20 vax
52.4083

“Ine
55,6389
0.0000

0.4802 0.4252 0.4
0.0002 0.0000 0.0000
2104412 18.5000 22.4722
-0.0e28 0.0000 0.0e33

00 Med ogg Mean
o0.1383 0.115
0.0000  0.0278
1l0000 112222
010000  0.0556

0.978
0.000
931000
1,000

egQ Max
o.sess
1.0000
420000
120000





nav.xhtml


  data-04-00119


  
    		
      data-04-00119
    


  




  





media/file16.png
matchit (formula =
method = "nearest"

r

Summary of balance for all data:
Means Control 5D Control Mean Diff eQQ Med eQQ Mean Q0 Max

Means Treated

distance 0.4858
Major 0.7500
HCEE 13E8.5000
Gender 0.5556

Summary of balance for

Means Treated
di=stance 0.4858
Major 0.7500
HNCEE 138.5000
Gender 0.5556

0.00586
0.7498
117.0588
0.6383

matched data:

Means

Percent Balance Improvement:
Mean Diff. eQQ Med Q0 Mean Q0 Max
60.2775 52.4083

distance 62.2043 &67.4701
Major -18133.3333 0.0000
NCEE 94.29597 54.55846
Gender 32.8834 0.0000

Sample =sizes:

Control Treated

811 3282
Matched 36
Unmatched 3246

Discarded 0

36
36
0
0

Control
0.3043
0.7222

137.2778
0.5000

-Inf

Condition ~ Major + NHCEE + Gender,
ratio = 1)

0.0403
0.4332
13.5037
0.4806

5D Control
0.2198
0.4543
2.4566
0.5071

—-Inf

84.5612 595.69889

33.3333

0.0000

data

0.4802
0.0002

21.4412
-0.0828

Mean Diff

0.1815
0.0278
1.2222
0.05586

1

dataP5SH,

0.4252
0.0000
8.5000
0.0000

0.4565
0.0000

22.4T22

0.0833

eQQ Med eQQ Mean

0.1383
0.0000
1.0000
0.0000

0.1815
0.0278
1.2222
0.0556

0.978
0.000
83.000
1.000

el Max

0.4654
1.0000
4.0000
1.0000





media/file2.png
Secure CRAN mirrors

Algeria [https]

Australia (Canberra) [https]
Australia (Melbourne 1) [https]
Australia (Melbourne 2) [https]
Australia (Perth) [https]

| Austria [https]

Belgium (Ghent) [https]
Brazil (PR) [https]

Brazil (RJ) [https]

Brazil (SP 1) [https]

Brazil (SP 2) [https]

Bulgaria [https]

Chile 1 [https]

Chile 2 [https]

China (Hong Kong) [https]
China (Guangzhou) [https]
China (Lanzhou) [https]
China (Shanghai) [https]
Colombia (Cali) [https]
Czech Republic [https]
Denmark [https]

Ecuador (Cuenca) [https]
Ecuador (Quito) [https]
Estonia [https]

France (Lyon 1) [https]
France (Lyon 2) [https]
France (Marseille) [https]
France (Montpellier) [https]
France (Paris 2) [https]
Germany (Erlangen) [https]
Germany (Gottingen) [https]
| Germany (Munster) [https]
Greece [https]

Hungary [https]

Iceland [https]

Indonesia (Jakarta) [https]
Ireland [https]

Italy (Padua) [https]

Japan (Tokyo) [https]

Japan (Yonezawa) [https]
Korea (Busan) [https]

Korea (Gyeongsan-si) [https]
Korea (Seoul 1) [https]
Korea (Ulsan) [https]
Malaysia [https]

Mexico (Mexico City) [https]
Norway [https]

Philippines [https]

Serbia [https]

Spain (A Corufia) [https]
Spain (Madrid) [https]
Sweden [https]

Switzerland [https]

Turkey (Denizli) [https]
Turkey (Mersin) [https]

UK (Bristol) [https] v

. OK | | Cancel






media/file20.png
Unmatched Treatment Units

Matched Treatment Units
o 8 o O o oy O
- % 8% g o 3 s oz
Matched Control Units
] % é) o
o ° a% % 8 o S ° o
Unmatched Control Units
R
| | | | | |
0.0 0.2 0.4 0.6 08 1.0

Propensity Score






media/file23.jpg





media/file5.jpg
Select one

base

class
cluster

compiler

\graphics.
IgrDevices
lgrid






media/file24.png
> Final. ﬂaﬁarlﬂ <= :if_‘_i'_""_zth daﬁ:a {;PSM“‘:%&EI- |
> write.csv (Final.datal, file = “C:/PSM/FinalPSM.csv”)






media/file1.jpg





media/file25.jpg
> PSM.cut = matchit (Conditicn - Major + NCEE + Gender, data = dataPSk, method = “neazest’
Exeox in maccnis (Condizion - Nasor + NCEE + Gendar, data = dacafsN, mathod - “nascestt,

zatio =1)






media/file12.png
stuid Gender CET4 Condition Science.Major HCEE

1610100101
1610100102
1610100103
1610100104
1610100105
1610100106
1610100107
1610100108
1610100105
lﬂ_lﬁlﬂlﬂﬂllﬂ

(P e TS I O o Y O L O I B

1

N I = I =R Sy

463
349
443
042
385
442
312
369
416
433

0

(Y e N e Y i Y e Y e O i Y e JOY e

1

S N I = =

127

95
123
136
104
11le
115
131
113
125





media/file9.jpg





media/file0.png





media/file8.png
ID Condition | Variable 2 | Variable 3

Studentl

Student2

Student3






media/file17.jpg





