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Abstract
Different statistical models can be applied to estimate schools’ value added. These models vary in their type, specification and data requirement. However, empirical analysis shows that the estimated value added school effects are highly consistent across these models based on the longitudinal achievement data in one Chinese local educational authority (LEA). Therefore, we suggest LEAs in China apply the simplest form of value-added models if student background data is not available. We also find that annual value-added score vary considerably across year from grade 7 to 9. This implies that yearly value-added can only be internally used for self-evaluation and improvement, rather than for high-stake accountability purposes. Three years’ average of value added might be used for school performance evaluation.

Introduction
There is a growing interest using value-added models to assess school performance in promoting student learning. The effort has been made in some industrialized countries (see OECD, 2008; Braun, 2005; Thomas, Sammons, Mortimore, & Smees, 1997; van de Grift, 2009; Doolaard, 2002) and has attracted the attention of practitioners in some developing countries, such as China (Peng, Thomas, Yang, & Li, 2006). The value-added school effects are defined as the “net” contribution of a school to students’ academic progress after sorting out the impact of other factors. There are series of statistical models estimating the schools’ value-added effects, which vary in their type, complexity and data requirement. Empirical comparison of various value-added models has been done by a lot of researchers (e.g. Thomas & Mortimore, 1996; Tekwe & et al, 2004; van de Grift, 2009; Timmermans, Doolaard, & de Wolf, 2011)

Two types of stability

Stability is ‘one of the most fundamental issues’ (Scheerens & Bosker, 1997) in school effectiveness research. Two types of stability can be identified according to different research designs: cohort-to-cohort and year-to-year (grade-to-grade). Cohort-to-cohort stability is estimated using a multiple-cohort design, of which each cohort has achievement data at two time points (generally at the entry and at the end of a curriculum stage)
. Year-to-year stability is based on designs of single-cohort, who has multiple test scores (3 times or more) at the different grade of their schooling. Both types of stability describe to what extent school effects change across time, but the distinction between them should be made because in fact they have different theoretical meaning and practical implication. If some schools are highly effective for one cohort but not for the next, the differential school effects should be checked to see whether the student body or composition of these schools changed considerably from cohort to cohort. If this is true then we cannot generalize the findings about school processes (as expected the causes of outcome difference) to other cohorts because the effect of school processes might be student composition-specific. Theoretically we expect the school effects to be relatively stable across different cohorts to prove “school matters”. In the practice we also expect cohort-to-cohort stability to be high because the evidence-based school improvement programs can gain more confidence. Also, parents do not need to face great uncertainty in selecting the desired school if their decision is based on the publicized value-added school performance. Furthermore, school accountability measures (extra financial reward or school-closing) are not convincing if value-added effectiveness varies sharply from one cohort to another.

Year-to-year stability, as called inter-temporal stability in this study, has more pedagogical implication. High stability means the effect of a school on student progress in different phases of learning is consistent. If the stability is low, the cause may be that schools are differential effective for various curriculum dimensions because what students should learn and the difficulty of the content varies across different grades. In some countries (e.g. China) most of teachers teach the same class for consecutive two or even three grades, the estimated school effects may be actually the teacher effects. The instability in this case may reveal that teachers are differential effective for different curriculum content. Consequently, the year-to-year stability is of vital importance for school and teaching improvement because it helps us to identify schools and/or teachers which are especially effective in promoting student progress in some knowledge/skill modules (or in different curriculum stages, see Thomas, 2001). Year-to-year instability does not affect school choice behaviors because annual value-added is mainly used internally for self-evaluation or improvement purposes. Consequently, we do not need to expect year-to-year stability to be very high.

Lots of researchers have reviewed the stability of value-added school effects (e.g. Scheerens & Bosker, 1997; Thomas et al., 1997; Doolaard, 2002; van de Grift, 2009; Thomas, 2001; Luyten, 1994). Here we focus on the year-to-year stability based on single cohort design and we find the relevant literature is rather limited. Goldstein (1997) expressed concerns about the year-to-year stability of value-added school effectiveness. He suggested that schools or teachers ‘should not be judged by a single cohort of students’. Scheerens and Bosker (1997, p.87) presented the correlations of value-added annual school effects calculated by Bosker et al. (1989). The correlations range from .35 to .80, which are higher for one year delay and lower for longer time spans. However, we do not know concretely how their value-added is estimated. Thomas (2001) reported moderate correlations of value-added school effects between two curriculum stages (r=0.27-0.65). She suggested that value-added for separate curriculum stage should be feed back to schools. Strictly speaking, this instability only shows the difference of value-added measure between the whole and the part of secondary curriculum, rather than year-to-year value-added.

Research questions

Question 1: What are the conceptual differences of some commonly used value-added models and their specifications?

Question 2: In Chinese contexts, are estimated yearly value-added school effects consistent across models?

Question 3: To what extent are estimated annual value-added school effects stable from grade to grade?

Various Editions of Value-added

Value added school effects are estimated school residuals in statistical models after controlling for other factors that schools cannot change. A class of models can provide the solution with the same “residual” logic. In the literature of education economics, linear regression and fixed-effect models are frequently used. In the field of educational study, multilevel models are more popular.

Various models

Linear regression value-added models

Linear regression models are not frequently applied in school effectiveness research because it ignores the hierarchical structure of education system, namely students nested in classes and classes nested in schools. However, if researcher’s purpose is not to estimate the effect of predictors on student achievement, it can still be used to calculate the school’s value added. In the linear regression model (1), 
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 is the student residual. It should be noted that in general no school-level covariates (school leadership, etc.) should be included in the model when estimating school’s value-added because some of them reveal the effort school has made in promoting student progress.
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). The linear regression model does not decompose the residual term. It can be modeled easily in any standard statistical software. Ladd and Walsh (2002), Jakubowski (2008) and Sharp (2006) applied the linear regression estimating schools’ value added.

Fixed-effects value-added models 

In comparison to linear regression approach, the intercept term, 
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in model (2) in fixed-effects model change across schools. In other words, every school has a fixed intercept and the 
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 is the estimated value-added for school j. 
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. The regression coefficients of fixed-effects model are pure within-group estimators (Here group refers to school) (see p.113 Rabe-Hesketh & Skrondal, 2008). Fixed-effects model is equivalent to linear regression model plus a set of school dummies although in practice we do not need to estimate numerous fixed intercept by mean centering. Gustafsson (2010), Luyten & Sammons (2010) provide detailed explanation of applying fixed-effects models in school effectiveness research. Fixed-effects model is proper for districts with a small number of schools and these schools can be treated as a population. The flaw of fixed-effects model is that it cannot include any school-level variables because of their collinearity with a set of school dummies.

Random-effects or multi-level value-added models

The simplest forms of random-effects models include only random intercept, as shown in model 3. The only difference between random-effects model and fix-effects model is that we use random intercept 
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 instead of indicator variable to capture the individual school’s effect on student learning.
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. Compared to the fixed-effects residuals, random-effects residuals are shrunken towards overall average. Random-effects model is more parsimonious than fixed-effects one because it needs only one variance parameter 
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 we need large number of schools, so it is not proper for small-size education authority to use random-effects value added models. Most of extant study on value-added applied random-effects models because some special software for multi-level modeling has been developed (e.g. MlwiN, HLM).

It should be noted that in the application nearly all of these value-added models were revised. For example, some researchers add two or more measurements of student prior attainment into the model to reduce the measurement error. Value-added models based on panel data (mainly in North America) are not discussed here because panel data is rare in educational effectiveness research in other nations (McCaffrey & Hamilton, 2007). Furthermore, the contextual attainment model, which does not control prior attainment but other student background variables, is also called value-added models by some researchers (e.g. van de Grift, 2009).This and other types of value-added models are beyond of the scope of this study.

2.2 Different specifications

Apart from different types of value-added models, there are also various model specifications. The specification of value-added models has been frequently discussed since its application in school effectiveness research (see Raudenbush, 1994; Raudenbush & Willms, 1995; Raudenbush & Bryk, 2002; Thomas & Mortimore, 1996; OECD, 2008; Timmermans et al., 2011). Here we merely make a short description of some common model specification.

Progress-only specification

Progress-only models include only students’ prior attainment into the model (see Thomas, 2010). The KS1-KS2 value-added in the U.K. is an example of this model specification (Department for Education, 2005). This specification is simple and has the very low data requirements. Progress-only models should only be used when time span of value-added is relatively short, namely one school year or less, because other effects can almost be ignored in shorter period. If value-added for the whole secondary years is estimated, no one can gain enough confidence because other characteristics of students have their effects on student progress.

Type-A specification

For the limitations of progress-only models, other student-level covariates (e.g. SES or IQ) are included in the model to estimates the Type-A effects (see Raudenbush & Willms, 1995; Raudenbush, 2004). They argue that this model specification is meaningful for parents to select schools because they do not care whether the value-added is attributable to school practices or to school contexts/composition. For school accountability purposes, models estimating type-A effects are under-specified.

Type-B specification

To make value-added score of schools be proper for school accountability, the Type-B models should be used, which include school composition variables (e.g. mean SES, percent of students of poor families). This is because schools can improve practices but cannot change, at least part of, their contexts/composition. Because school practices and school composition are correlated, models for estimating Type-B effects may be over-specified (Willms, 2008). Raudenbush (2004) also argued that estimating Type-B effects is difficult. In the resource-input model of school effectiveness introduced by Cheng (1996, p.20-21), capacity of acquiring high-quality intakes represents the potential school effectiveness. Therefore, aggregated variables such as mean prior attainment in the Type-B specification are not perfectly justifiable. 

It should also be noted that for each value-added model, there is an empty model without any covariates to provide a starting point as the reference model. Obviously, the data requirements are high for the latter two specifications. Researchers and practitioners often face a dilemma whether school-level aggregated variables should be included in the model. For example, CVA (contextual value-added) models in the U.K. use different specification for different Key Stages
 (Department for Children, Schools and Families, 2007). Including which covariates into the model relates not only to statistical and theoretical consideration, but to practical data collection as well. From practitioner’s perspective, it is desirable to identify above- and below-average school value-added with the least complex models and the smallest amount of data, because the complicated model and the rich available data means extra cost, time, and personnel training. However, the educational researchers call for more accurate, unbiased and fairer value-added estimates. This needs more advanced models which are not transparent to practitioners and more data that is not easily accessible. A compromise should be made between complexity and convenience.

Methodology

Design and methods
Longitudinal data is necessary for assessing the stability of school effects (Creemers, Kyriakides, & Sammons, 2010; Klieme & Steinert, 2008). We apply a single-cohort longitudinal design to analyze the inter-temporal stability of value-added school effects using above-mentioned different models and specifications (see Figure 1). Frequent monitoring of student progress is one of the five effectiveness enhancing factors noted by Edmonds (1979). It has been also listed as a global factor by Teddlie and Reynolds (2000) and Marzano (2007). In Chinese basic education frequent tests are undertaken to monitoring student achievement. This provides an opportunity to use the longitudinal test data to calculate the schools’ value added.
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Figure 1: Single-cohort Longitudinal Design

We collect data of student achievement for all 2012 cohort in all 25 junior secondary schools  in one Local Education Authority (LEA) serving more than 20,000 secondary students. Four times of test scores on three subjects (Chinese, Mathematics, and English) are collected. Test 1 is held at the beginning of junior secondary schools for diagnostic purposes, having checked the initial ability of students and how they grasped the basic knowledge and competence learned in primary schools. All other tests are held at the end of each year. We choose test 4 score as the indicator of student final achievement level in the lower secondary education because it quite similar to High School Entrance Examination (HSEE). We linked the four achievement data according to school identifier and students’ names. 
Table 1: Model matrix for analysis

	
	Progress-only
	Type-A 
	Type-B 

	Model (1) 
	1PO 
	1A 
	

	Model (2) 
	2PO 
	2A 
	

	Model (3) 
	3PO 
	3A 
	3B 


For each type of model, we use the different categories of specification (as shown in Table 1). It should be noted that for school-level covariates should not be included in linear regression (Model 1) for avoiding the collinearity. They are not in fixed-effects models (Model 2) for the reasons discussed earlier. Then we have seven different model combinations. Based on these model combinations, we estimate value-added school effects for each year and each school. Finally we calculated the correlations of annual value-added measures, which represent the year-to-year stability of school effectiveness.

Student achievement data
All tests are curriculum valid and strictly devised to match the National Curriculum Standards. The tests are designed by external experts and have high reliability (Cronbach’s alpha, see Table 2). These tests and grading work were organized by the Education Research and Training Center attached to the LEA to make sure all schools are fairly assessed. Here are some introductions of test 4. 
Table 2: Reliability of Test 4
	Subject 
	Items 
	Reliability 
	Item types 

	Mathematics 
	25 
	0.87 
	multiple choice(12 items) 

	
	
	
	blank filling(4 items) 

	
	
	
	calculation and proving (9 items) 

	Chinese 
	20 
	0.72 
	multiple choice (10 items) 

	
	
	
	open-ended questions (9 items) 

	
	
	
	writing (1 item) 

	English 
	86 
	0.92 
	multiple choice (70 items) 

	
	
	
	blank filling (15 items) 

	
	
	
	writing (1 item) 


Mathematics test paper has 25 items, which can be grouped into 4 broad categories: (1) real numbers (scientific notation, coordinate systems, negative numbers, rational and irrational numbers); (2) basic probabilities and statistics (combinations, statistical graphs); (3) geometry (trigonometric functions, perimeter, area); (4) algebra (quadratic functions, inequalities, simultaneous equations). For English, 86 items can be grouped into 5 broad categories: (1) listening (conversation, paragraph); (2) vocabulary and phrases; (3) reading (story, newspaper, popular science); (4) writing (letter, notice); (5) grammar (structure and syntax, tense). For Chinese, the main assessment area includes: (1) Chinese character, word, sentence syntax, and structure; (2) functional reading; (3) ancient Chinese reading; (4) contemporary Chinese reading; (5) writing.

In this study, we use the total score of three subjects as the achievement measure. Because scores are not measured on a single developmental scale across grades, we standardize the total score in the study so that for each year, the average standardized scores equals zero and the standard deviation of the standardized scores equals one. It should be noted that the score in the analysis means the relative location of student in the score distribution in the whole LEA. In the analysis, we estimate the school’s value-added for each of three years to check the inter-temporal stability. For example, the Year 2 value-added models include test 2 score as prior score and test 3 score as outcome variable.

Student and school background data
Student characteristics are collected from the questionnaire survey. The questionnaire was designed and revised by the team of German Institute for International Education Research (DIPF). The survey was conducted when the students were in grade 9. Previous studies demonstrate that socioeconomic status (SES) has an impact on student achievement since the publication of Coleman Report (Coleman, 1966). We generate SES index in a way similar to PISA ESCS index (OECD, 2009) from four indices using principal component analysis (Cronbach's 
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=0.79): HIEDU (highest educational level of parents), HIOCCU (highest occupational status of parents), WEALTH (family wealth), and BOOKS at home as a proxy of family cultural resources. The recoding of these indices is as follows. (1) HIEDU: primary=6, lower secondary=9, upper secondary=12, college=15, graduate and higher=18. (2) HIOCCU: middle or upper management=8, professional or technical personnel=7, general staff and clerk=6, self-employed for small private business=5, ordinary staff in commercial and service sector=4, industry workers=3, agriculture employed=2, Jobless or quasi-jobless=1. These eight categories are designed according to Lu (2002)'s study of social stratum in China. (3) WEALTH: this index is constructed through IRT scaling of dichotomous and Likert-type items the family possesses. The dichotomous items are: own bedroom, own computer, own digital camera/video camera, own Mp3/Mp4 player (yes=1, no=0). The Likert-type items are: number of bathrooms, number of air-conditioners, number of Televisions and number of cars (none=0, one=1, two=2, three or more=3). (4) BOOKS: < 11=1, 11 - 25=2, 26 - 100=3, 101 - 200=4, 201 - 500=5, > 500=6. Other student background and demographic variables are: 1) gender (girls as reference group); 2) age in months. Summary of descriptive statistics of these variables is shown in Table 3.

Table 3: Summary Statistics of Variables

	Variable 
	Obs 
	Mean 
	Std. Dev. 
	Min 
	Max 

	Test 1 score 
	5073 
	189 
	57 
	19 
	298 

	Test 2 score 
	5050 
	191 
	56 
	22 
	289 

	Test 3 score 
	4815 
	228 
	66 
	18 
	353 

	Test 4 score 
	4523 
	207 
	50 
	43 
	309 

	Boy 
	4347 
	0.56 
	0.50 
	0 
	1 

	Age in months 
	4346 
	190.16 
	9.98 
	157 
	244 

	SES
	4381 
	0.00 
	1.00 
	-2.67 
	2.74 


.

Results

Parameter estimates across models
We model the student achievement of three years using seven different model combinations (see Table 4). Student achievement in the previous year is the strongest factor predicting the current achievement in all seven models. A unit increase of standard deviation of prior score can predict at least 0.9 standard deviation rise of current score no matter other covariates is included 

	Table 4: Parameter Estimates of Seven Value-added Models for Each Year
　
	　
	Prior score
	Boy
	Age in month
	SES
	Mean prior score
	Mean SES

	
	year 1
	0.93(0.01)***
	
	
	
	
	

	1PO
	year 2
	0.93(0.01)***
	
	
	
	
	

	
	year 3
	0.93(0.01)***
	
	
	
	
	

	
	year 1
	0.96(0.01)***
	
	
	
	
	

	2PO
	year 2
	0.92(0.01)***
	
	
	
	
	

	
	year 3
	0.90(0.01)***
	
	
	
	
	

	
	year 1
	0.96(0.01)***
	
	
	
	
	

	3PO
	year 2
	0.92(0.01)***
	
	
	
	
	

	
	year 3
	0.90(0.01)***
	
	
	
	
	

	
	year 1
	0.91(0.01)***
	-0.02(0.01)
	-0.00(0.00)*
	0.03(0.01)***
	
	

	1A
	year 2
	0.91(0.01)***
	-0.07(0.01)***
	-0.00(0.00)
	0.01(0.01)
	
	

	
	year 3
	0.90(0.01)***
	-0.01(0.01)
	-0.00(0.00)***
	0.03(0.01)***
	
	

	
	year 1
	0.94(0.01)***
	-0.01(0.01)
	-0.00(0.00)*
	0.01(0.01)
	
	

	2A
	year 2
	0.92(0.01)***
	-0.07(0.01)***
	-0.00(0.00)
	0.02(0.01)*
	
	

	
	year 3
	0.90(0.01)***
	-0.01(0.01)
	-0.00(0.00)***
	0.01(0.01)
	
	

	
	year 1
	0.94(0.01)***
	-0.01(0.01)
	-0.00(0.00)*
	0.01(0.01)
	
	

	3A
	year 2
	0.92(0.01)***
	-0.07(0.01)***
	-0.00(0.00)
	0.02(0.01)
	
	

	
	year 3
	0.90(0.01)***
	-0.01(0.01)
	-0.00(0.00)***
	0.01(0.01)
	
	

	
	year 1
	0.94(0.01)***
	-0.01(0.01)
	-0.00(0.00)*
	0.01(0.01)
	-0.37(0.12)***
	0.28(0.10)**

	3B
	year 2
	0.92(0.01)***
	-0.07(0.01)***
	-0.00(0.00)
	0.02(0.01)*
	0.07(0.10)
	-0.06(0.07)

	　
	year 3
	0.90(0.01)***
	-0.01(0.01)
	-0.00(0.00)***
	0.01(0.01)
	-0.04(0.09)
	0.06(0.07)


Note: Standard errors in parentheses. 

* p < 0.05, **p < 0.01, ***p < 0.001

in the model or not. This finding is consistent across three years and across linear regression models (1PO, 1A), fixed-effect models (2PO, 2A) and multi-level models (3PO, 3A, 3B).

Boys with the similar background characteristics (prior achievement, socio-economic status) have lower achievement than girls. This gender-specific effect is only significant for year 2 (e.g. Grade 8, second year of junior secondary schools). A similar separate analysis for each subject shows girls’ advantage is evident in Chinese and English, but they make no statistical greater progress than boys for Mathematics. Here we do not discuss the underlying theoretical explanations in depth but we argue the girls’ advantage is curriculum specific, and even curriculum-stage specific. It is found that older students in the same grade of schools achieved less than their younger counterparts, other things being equal. But the effect size is so tiny that it can be ignored. Also, this age-specific effect only statistically exists in Grade 7 and Grade 9. It has been long discussed whether the SES of student should be included in the model (see Braun, Chudowsky, & Koenig, 2010; OECD, 2008). In our empirical analysis, SES is not a strong predictor for student achievement, after controlling for students’ previous attainment one year before (except for 1A for year 1 and 3). This demonstrates the effect of family background on student achievement is not robust across grades and models. Furthermore, given the difficulty and cost of the data collection of SES data, we strongly advise not to use these data in estimating value-added in one year or shorter time spans. In multi-level models, the effect direction of school-level variables change across years and there is no clear pattern of the effect change of these aggregated variables. Therefore we are not optimistic to estimate the Type-B effect. And we do not recommend adding school-level variable if our purpose is only to estimate the value added of schools, rather than to obtain the specific between- and within-group parameter estimates.

Consistency of estimates across models
We use different models to estimate the school value-added for each of three years. From the Table 5 we can see that seven models produced high consistent estimates. The correlation of school’s value-added across seven models is very high. All correlations are very close to perfect,
	Table 5: Correlations of school's value-added across models

　
	　
	1PO
	2PO
	3PO
	1A
	2A
	3A
	3B

	Year 1
	1PO
	
	
	
	
	
	
	

	
	2PO
	1.00 
	
	
	
	
	
	

	
	3PO
	1.00 
	1.00 
	
	
	
	
	

	
	1A
	0.99 
	0.99 
	0.99 
	
	
	
	

	
	2A
	1.00 
	1.00 
	1.00 
	1.00 
	
	
	

	
	3A
	1.00 
	1.00 
	1.00 
	1.00 
	1.00 
	
	

	
	3B
	0.85 
	0.84 
	0.83 
	0.88 
	0.86 
	0.85 
	　

	Year 2
	1PO
	　
	　
	　
	　
	　
	　
	

	
	2PO
	1.00 
	
	
	
	
	
	

	
	3PO
	0.99 
	0.99 
	
	
	
	
	

	
	1A
	0.99 
	0.99 
	0.99 
	
	
	
	

	
	2A
	0.99 
	0.99 
	0.98 
	1.00 
	
	
	

	
	3A
	0.98 
	0.98 
	0.99 
	0.99 
	0.99 
	
	

	
	3B
	0.97 
	0.97 
	0.98 
	0.98 
	0.98 
	0.99 
	　

	Year 3
	1PO
	　
	　
	　
	　
	　
	　
	

	
	2PO
	1.00 
	
	
	
	
	
	

	
	3PO
	0.99 
	0.99 
	
	
	
	
	

	
	1A
	0.98 
	0.98 
	0.98 
	
	
	
	

	
	2A
	0.99 
	0.99 
	0.98 
	0.99 
	
	
	

	
	3A
	0.98 
	0.98 
	0.99 
	0.99 
	1.00 
	
	

	
	3B
	0.95 
	0.95 
	0.96 
	0.99 
	0.98 
	0.98 
	　


except multi-level Type-B effects for year 1 (r=.83-.88). Our findings are consistent with Tekwe et al (2004) and Sharp (2006).This demonstrates the value-added estimates are robust in different models, no matter the models are simple or complex. In our study, the LEA has only 25 junior secondary schools. It is not proper to use complicated random-effects models because we have only 25 level-2 units. Also, collecting student’s data on family background is a time-consuming job. Furthermore, annual value-added score should be feedback to schools as quickly as possible for diagnostic and evaluative purposes. Consequently, we suggest practitioners use simple linear-regression progress-only model (1PO) to calculate annual school’s value-added, saving time and financial cost, as well as extra personnel training.
Table 6: Correlations of Value-added Score Across 3 year

	
	year1-year2
	year2-year3
	year1-year3

	1PO
	0.18
	-0.35
	0.15

	2PO
	0.18
	-0.33
	0.15

	3PO
	0.18
	-0.27
	0.19

	1A
	0.13
	-0.39
	0.20

	2A
	0.13
	-0.39
	0.20

	3A
	0.13
	-0.35
	0.23

	3B
	0.12
	-0.38
	0.19


Stability of estimates across years 
We use different models and specification to estimate the value-added score for each of three years. From the Table 6 we can find high variant year-to-year change of school’s value-added score. The correlations of value-added between year 1 and year 2, year 1 and year 3 is very small. The correlation of value-added between year 2 and year 3 is even negative, which means schools make above-average progress in Grade 8 make below-average progress in Grade 9. This implies school’s performance in promoting student progress varies across years even facing common cohort of students. The finding is consistent no matter which value-added model is used. This finding is similar to McCaffrey, Sass, Lockwood and Mihaly (2009)’s results in analyzing the teacher value-added estimates.
The inter-temporal instability of value-added score implies that it is not proper to evaluate schools according to their annual value-added. Many researchers argue that schools should not be judged by value-added of one year (Sammons, 2007; Goldstein, 1997; Scheerens & Bosker, 1997; Thomas et al., 1997) and some suggest using the three-year moving average of value-added as a ”remedy” can provide more stable measures (OECD, 2008, p.158) and it is a proper indicator of school’s performance. In our study, we find the average value-added score across three years is perfect correlated with the 3-year value added
. All correlations using the seven different models are higher than 0.97. This implies the annual fluctuations of value-added scores are acceptable because on average they are consistent with the value-added for the whole junior secondary stage.
Conclusion and Discussion

The aims of this study are: 1) introducing commonly used value-added models and their specifications; 2) examining empirically the consistency of value-added school effects data in China; and 3) checking whether the value-added scores are stable from year to year. We identify three sets of value-added models: linear regression models, fixed-effects models, multi-level or random-effects models. We also distinguish three model specifications: progress-only models only controlling for prior attainment; Type-A models controlling student level variables (age, gender, SES); and Type-B models controlling for student and school aggregated variables (mean prior attainment and mean SES). Seven different value-added model combinations are formed for analysis, which vary in their estimating processes, complexity, assumptions and data requirements.

In the empirical study based on the longitudinal test score data and survey in a Chinese Local Education Authority, we find prior attainment in the previous year is the strongest predictor in all value-added models. Student’s SES is also a positive factor (although not significant in all models) in promoting student academic progress, but the effect size is so small that it can be ignored. Older students in the cohort do not have advantage in their achievement. Boys achieve less than girls, although not in all subjects. It is also found that value added score of schools are highly consistent across different models and specifications. Due to this fact we advise practitioners to use the simple linear regression progress-only models to evaluated school’s performance in promoting student progress. This model is very suitable for those school districts where all data available is student achievements and there is a lack of qualified personnel who can understand and use complicated multi-level models. The model fits also well for the educational authority which has small number of schools. 
We find the value-added measure of school effectiveness is quite unstable across 3 years. This instability may be caused by many factors, such as measurement error and model specification, but they can, at least partly, represent the school’s ‘real’ effort in promoting student progress. We also find average of annual value-added is highly consistent with the value-added for the whole lower secondary education. Due to this reason we do not see the variance of annual value-added as a serious problem. In contrast, rich information of value-added of schools in each subject can help schools monitor the internal instructional effectiveness every year.
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� In some states in the U.S., multiple-cohort designs with 3+ repeated measures of achievement are employed to calculate school or teacher’s value-added. This type of design is rare in other countries. So we do not discuss stability issues based on the this design.





� For CVA KS1-KS2, no school-level covariates are included in the model.


� Average value-added is calculated from (VAyear1 + VAyear2 + VAyear3)/3. The 3-year value-added is estimated from modeling test 4 score after controlling test 1 score using the seven models.
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