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Introduction 

 Measures of school effectiveness are typically estimated using models of achievement 

growth at the student level.  For example, an archetypical value-added model is a student-level 

regression of a current assessment score on a lagged assessment score, a vector of student 

characteristics, and a complete set of school fixed or random effects. 

 However, it is not always the case that student-level data are available.  In some cases, the 

only data available are averages at the school and grade level.  This may be the case for a single 

school, a small school district, or a consortium of schools that does not have access to statewide 

student-level data.  What possibilities exist for measuring the impacts of schools in this scenario?  

We evaluate two models for measuring school effectiveness with school-level data only.  One is a 

regression of average school-level achievement in a grade and subject on school-level 

demographics in the same grade.  The other adds to this regression a measure of lagged average 

school-level achievement for the same cohort in the previous grade and year, measured without 

matching individual students between the two years.  We evaluate these models by comparing 

them to two models that exploit student-level data to more exactly measure student growth and 

more accurately measure school effectiveness.  One is a school-level regression of average 

achievement on demographics and average lagged achievement, using a sample of students 

matched from one year to the next.  The other is a student-level regression of achievement on 

demographics, lagged achievement, and school fixed effects.  This comparison of models is similar 

to that of Dyer, Linn, and Patton (1968), who compared measures of student growth in school 

systems from matched and unmatched samples of students over the three-year period between fifth 

and eighth grades.  They found only modest correlations between average growth measures across 

the matched and unmatched samples. 
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 We find that models that use only school-level data yield results that are positively 

correlated with results from more accurately identified models that use student-level data, although 

typically not to the extent that one would consider such a model in any case other than the 

unavailability of student-level data.  We find that the performance of a model that uses only school-

level data dramatically improves with the addition of a lagged achievement measure for the same 

cohort within a school, even though the groups of students used to compute the current and lagged 

achievement measures do not perfectly match.  Unfortunately, it is not always possible to include 

a lagged achievement measure in a model in the absence of student-level data.  In particular, it is 

not possible to do so when producing a measure for the earliest grade within a school, since the 

cohort in that grade will not have been in the same school in the previous year.  We also find that, 

when producing aggregate school-level results that combine results from multiple grades, it is 

typically better to use results from a model that includes lagged achievement in grades where it is 

possible to do so and to use results from a model that does not include lagged achievement in the 

remaining grades at the school.  This improves on simply not including grades for which lagged 

achievement is not available.  Finally, we find that the choice of specification of the demographic 

variables generally has a smaller impact on school-level measures when a lagged achievement 

measure is included in the model than when one is not. 

Specifying models with and without student-level data 
 

 As described in the introductory section, we consider four specifications of a model 

designed to measure school effectiveness.  Two of these models are feasible with school-level data 

in the absence of student-level data.  The first, which we will refer to as the static model, is a 

regression of average assessment scores at a school on a vector of variables that reflect the 

proportion of students at that school with different demographic characteristics, such as ethnicity, 
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disability, English language learner, and economic disadvantage.  The second, which we will refer 

to as the unmatched dynamic model, adds average assessment scores in the previous grade in the 

previous year at the same school to the right-hand side of static model.  This transforms the model 

into an approximate model of growth of a cohort from one year to the next within a school.  The 

model is approximate because it does not compare achievement for the same group of students 

from one year to the next, but instead compares achievement across two years for two different 

but substantially overlapping groups of students, with differences between the two groups driven 

by students entering and leaving the school between the two years.  In both of these models, the 

residual from the regression is the school effectiveness measure. 

 The other two models are models that measure student growth exactly from one year to the 

next, but that are only feasible with the availability of student data.  Both of these models use a 

sample of students in which scores from the current year's assessment administration are matched 

with the same students' scores from the previous year's administration, even when the students 

change schools from one year to the next.  One model, which we will refer to as the matched 

dynamic model, regresses average assessment scores among students at a school in the current year 

on the average assessment scores for the same group of students in the previous year.  This 

estimates a growth model using across-school variation in average assessment scores and 

demographics.  Like the static and unmatched dynamic models, the residual from this regression 

is the school effectiveness measure.  The other model, which we will refer to as the student-level 

model, uses a student-level sample and regresses current assessment scores on lagged assessment 

scores, demographics, and school fixed effects, a typical value-added specification.  This model 

uses within-school, across-student variation to estimate a model of growth at the individual student 
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level.  In this model, the school fixed effects measure the impacts of schools on individual student 

growth, and are used as school effectiveness measures. 

The following sections describe the models in more detail. 

The static model: attainment on demographics only 
 
 The static model measures the impact of a school as the average end-of-year assessment 

score among students at the school, after controlling for the average demographic characteristics 

of students in the school.  It can be expressed statistically as: 

 �̅�𝑗 = 𝜉 + 𝛽�̅�𝑗 + 𝛼𝑗       (1) 
 
where  
 
 �̅�𝑗 is the average assessment score at school j; 

�̅�𝑗 is a vector of measures of prevalence of different demographic characteristics among 
students at school j; and  

 𝛼𝑗 is the residual from the regression and is used as the measure of impact for school j. 
 
 This model can be estimated using least-squares regression.  It is the model used by the 

Similar Students Measure (SSM) currently employed by CCSA to produce school measures for 

math and reading.  The SSM version of the model is estimated separately for the elementary and 

middle levels, using a measure of average assessment score �̅�𝑗 that aggregates across grades and 

subjects within the elementary (grades 3-5) and middle (grades 6-8) levels.  This produces an 

overall school measure for each school for each level.  The model is also estimated separately at 

each level for math and reading to produce subject-specific measures for each school for each 

level.  An alternative to this approach is to estimate the model separately by subject and grade.  

This would allow the coefficients 𝛽 on the demographics to differ across grades and subjects.  An 

overall school-level measure can then be produced by taking an average of the separate subject-

and-grade measures for a given school, potentially after having normalized the subject-and-grade 

measures across schools beforehand. 
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 The demographic variables �̅�𝑗 included in the SSM version of the model are disability, 

economic disadvantage, ethnicity, English language learner and former English language learner, 

and (when available) average parent education.  The proportion of students with each of these 

demographic characteristics is computed for each school, and then transformed to a percentile rank 

across schools for use as a control in the model.  An alternative way to specify the demographics 

would be to directly use the proportion of students in each demographic at each school as a control 

in the model. 

The unmatched dynamic model: attainment on lagged attainment 
 
 The appropriateness of the static model depends on how well the demographic variables 

included in �̅�𝑗 control for factors outside of the control of the school, so that the impacts of the 

schools themselves are isolated in the residual term 𝛼𝑗.  One possibility for better identifying the 

impact of schools is by adding to the set of control variables a measure of past achievement by 

the students at the school.  This measure of past achievement should, as much as possible, reflect 

the same group of students as those for whom current achievement is measured.  In the absence 

of student-level data, the best way to do this may be to measure current and lagged achievement 

for the same cohort of students at a given school.  Dyer, Linn, and Patton (1968) describe this as 

"unmatched-longitudinal" data, since it follows the same cohort of students, even if it is not 

necessarily exactly the same group of students. This model can be specified as: 

 �̅�𝑗𝑡 = 𝜉 + 𝜆�̅�𝑗𝑡−1 + 𝛽�̅�𝑗 + 𝛼𝑗      (2) 
 
where 
 
 �̅�𝑗𝑡 is the average assessment score for a cohort at school j in year t; 

�̅�𝑗𝑡−1 is the average assessment score for the same cohort in the previous grade at school j 
in year t-1; 

 �̅�𝑗 is a vector of demographic measures for the cohort at school j; and 
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𝛼𝑗 is the residual from the regression and is used as the measure of impact for the grade 
in school j that the cohort is in at time t. 

 
 This model is most straightforwardly estimated separately by cohort, although it is possible 

to extend it to a pooled multi-cohort sample.  If the model is already being estimated separately by 

year, then additionally estimating the model separately by cohort is equivalent to estimating the 

model separately by grade. 

 Adding lagged attainment to the set of right-hand-side variables transforms the 

demographics-only model into an approximate growth model.  It measures the impact of a school 

using the extent to which a cohort of students at the school improves from one year to the next.  

This should do a considerably better job at identifying the impact of a school than a measure based 

on achievement at a single point in time, even with an adjustment for demographics.  It is only an 

approximate measure of growth because it is likely that there is some mobility of students into and 

out of the school between the previous and current year within the cohort.  However, given that 

students most typically stay in the same school from one year to the next, it may nonetheless be a 

useful approximation of growth when student-level data are unavailable. 

 One substantive drawback of this model is that it cannot be used to estimate school 

effectiveness for the earliest grade taught at the school.  For example, consider a middle school in 

which grades six through eight are taught.  In order to be included in the model for sixth grade, a 

school needs to have average achievement measures for both the sixth grade in the current year 

and the fifth grade in the previous year.  However, if a school begins at grade six, there is no 

achievement measure for that school for the fifth grade.  As a result, it will generally only be 

possible to use this model to measure school effects for the second-earliest grade at a given school 

and later. 
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 There are several possibilities for producing an overall, multi-grade school-level measure 

using this model given the absence of a measure from this model for the earliest grade within a 

school.  One option is to simply produce a school-level measure that does not include the earliest 

grade.  An alternative option is to produce a school-level measure that uses results from the 

unmatched dynamic model in grades in which results from the unmatched dynamic model are 

available, and uses results from the static model in grades in which results from the unmatched 

dynamic model are unavailable.  This approach would involve estimating both the static model 

and the unmatched dynamic model and normalizing the results separately for the two models 

across schools within grade and subject.  The grade-and-subject results from the two models could 

then be pooled into a single data set, with normalized results from the static model appearing only 

in schools, grades, and subjects where results from the unmatched dynamic model are unavailable.  

The school-level result would be computed as an average of the grade-and-subject results for a 

given school within this data set.  We will refer to this approach to aggregating results from both 

the static and unmatched dynamic model as the augmented unmatched dynamic model.   

The matched dynamic model: attainment on student-matched lagged attainment 
 
 If student-level data are available, it becomes possible to measure growth without 

approximation.  With student-level data, one can match students between the current year's and 

the previous year's administrations of an assessment, even when students change schools from one 

year to the next.  This makes it possible to measure the average assessment score in both the current 

year and the previous year among students attending the school in the current year, regardless of 

whether they were at a different school in the previous year.  The only restriction is that these 

averages should only include students who took the assessment in both years (although, as just 

noted, they need not have taken the assessment at the same school in both years).  When this is the 
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case, the measure of past achievement will be based on exactly the same group of students as that 

used to measure current achievement, and a comparison of the two will exactly measure growth. 

  The model can be expressed statistically as: 

 �̅�𝑗𝑡 = 𝜉 + 𝜆�̅�(𝑖∈𝑗𝑡)𝑡−1 + 𝛽�̅�𝑗 + 𝛼𝑗     (3) 
 
where 
 

�̅�𝑗𝑡 is the average assessment score of students in school j at time t, among students with 
assessment scores at both time t and t-1;  
�̅�(𝑖∈𝑗𝑡)𝑡−1 is the average assessment score at time t-1 of students who were, at time t, in 
school j, regardless of the school they were at time t-1, among students with assessment 
scores at both time t and t-1; 
�̅�𝑗 is a vector of demographic measures for students in school j at time t among students 
with assessment scores at both time t and t-1; and 
𝛼𝑗 is the residual from the regression and is used as the measure of impact for school j at 
time t. 

 
 Because current achievement and previous achievement are both measured over the same 

group of students, a comparison of the two will better identify growth, which in turn should better 

identify the impact of schools on student achievement.  In addition, since current and previous 

assessment scores are matched for students even when they change schools, it will, in many cases, 

be possible to produce measures of school effectiveness for the earliest grade in a school.  For 

example, it is possible under this model to produce a school measure for sixth grade for a middle 

school covering grades six through eight provided there is a fifth grade test available to serve as a 

lagged assessment score.  The only tested grade within any given school for which it will not be 

possible to produce a school measure using this model is the earliest grade of testing, due to the 

absence of any lagged score from the previous grade. 

The student-level model: value-added regression using data with student observations 
 
 Another possibility when student-level data are available is to run a student-level model.  

This approach models growth at the student level rather than at the school level, and includes 
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school assignment as a covariate in the growth model.  School effectiveness is measured as the 

effect of a given school on student growth.  The model is specified as: 

 𝑌𝑖𝑡 = 𝜉 + 𝜆𝑌𝑖𝑡−1 + 𝛽𝑋𝑖 + 𝛼𝑗 + 𝜀𝑖     (4) 
 
where 
 
 𝑌𝑖𝑡 is the assessment score of student i at time t; 
 𝑌𝑖𝑡−1 is the assessment score of student i at time t-1; 
 𝑋𝑖 is a vector of demographic variables about student i; 

𝛼𝑗 is a fixed effect for school j attended by student i at time t, and is the measure of 
school impact for school j; and 
𝜀𝑖 is a "random" component of student attainment that cannot be explained by prior 
attainment, demographics, or school assignment. 

 
 This is the value-added specification discussed in Meyer (1997).  It is described in Guarino 

et al (2014) as "dynamic ordinary least squares", or DOLS, and is a dynamic model of achievement 

at the student level.  The matched dynamic model and the student-level model are very closely 

related models, to the extent that if one averaged both the left-hand-side and right-hand-side of the 

student-level model by school assignment j, one would have the matched dynamic model.  The 

effective difference between the two models comes from the variation used when estimating the 

models.  When estimated using least-squares regression, the matched dynamic model uses across-

school variation to estimate the pretest and demographic coefficients 𝜆 and 𝛽, while the student-

level model uses within-school, across-student variation to estimate these coefficients.  Another 

way to state this is that the matched dynamic model is a school-level model that looks at the 

relationships among average current scores, average prior scores, and average demographics 

across schools to determine how to control for prior attainment and demographics.  In contrast, the 

student-level model looks at the relationships among current scores, prior scores, and 

demographics across individual students in the same schools to determine these controls.   
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 The advantage of using within-school, across-student variance, as in the student-level 

model, is that the estimated coefficients will not be affected by sorting of students by prior 

achievement or demographics into more or less effective schools.  For example, if economically-

disadvantaged students are more likely to attend less effective schools, then the matched dynamic 

model, which uses across-school variance, will control for this relationship.  However, this is not 

something that we wish to control for when measuring school effectiveness, because it is a 

component of school effectiveness itself--specifically, the part of school effectiveness that is 

correlated with the proportion of students who are economically disadvantaged.  In contrast, the 

student-level model, which does not use across-school variance, will not control for this.  This is 

because it determines the controls for economically disadvantaged status by comparing the growth 

of economically-disadvantaged students and non-economically-disadvantaged students in the 

same schools, which is not affected by sorting of students across schools. 

 The disadvantage of using within-school, across-student variance rather than across-school 

variance is that it does not control for peer effects.  For example, suppose that having more 

economically-disadvantaged peers at your school has an effect on individual student growth.  This 

is something that we wish to control for, because it is outside of the school's control.  It will be 

reflected in across-school variance and controlled for in the matched dynamic model.  However, 

it will not be controlled for in the student-level model.  This is because the student-level model 

determines the controls for economically disadvantaged status by comparing students in the same 

schools, who will have the same peers. 
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Estimating the models 
 

 We estimated all four models over three urban districts or collections of districts, which 

we will refer to as sites A, B, and C.  In all cases, we ran the models separately by grade, subject, 

and site for a single year, covering math and reading or ELA, in grades four through eight.   

 To estimate the static model, we estimated equation (1) using weighted least squares, using 

as the left-hand-side variable the average score within a school on a state assessment for a given 

grade and subject.  The right-hand-side variables were the percentages of students by economic 

disadvantage, English language learner, ethnicity, and disability within the school, computed 

among students included in the average score on the regression's left-hand side.  In some sites, the 

number of students in a given demographic group was too small to estimate a reliably precise 

coefficient; in these cases, the demographic control was dropped from all models estimated within 

the site.  The weight used in the regression was the number of students used to compute the average 

score on the regression's left-hand side. While it was possible to compute results for the static 

model for grade three in all three sites, we chose not to do so given that it was not possible to 

measure results for grade three using any other models. 

 The unmatched dynamic model was estimated using the same approach as the static model, 

except that added to the right-hand side was the average score within the school on the same 

assessment in the same subject for the previous grade in the previous year, as in equation (2).  The 

matched dynamic model was estimated using the same approach as the unmatched dynamic model, 

with a few exceptions.  First, the left-hand-side variable in the regression was computed as the 

average score within a school on a state assessment among students who took the assessment in 

both the current year's and the previous year's administrations.  Second, the lagged score variable 

on the right-hand side was replaced with the average score in the previous year's administration of 
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the assessment among the same group of students, whether they were in the same school or not, as 

in equation (3).  Finally, the demographic variables were computed over the same matched current-

year-previous-year assessment sample, and the number of students in this sample who were at the 

school in the current year was used as the regression weight. 

 The student-level model was estimated, as in regression (4), over a sample of student-level 

data.  It was estimated by regressing current-year student score on previous-year student score, on 

student-level demographic indicators that correspond to the averages used in the other three 

models, and on a vector of indicator variables for each school in the sample.  Since the model was 

run at the student level, no weight was used in the regression.  The regression was run with an 

adjustment for measurement error in the previous year's assessment score, assuming a reliability 

of 0.9, to avoid attenuation in the coefficient estimate from measurement error.   

 Within all four models, the school/grade/subject-level measures--the residuals in the static, 

unmatched dynamic, and matched dynamic models and the estimated school fixed effects in the 

student-level model--were normalized to have a mean of 0 and a standard deviation of 1 across 

schools within grade, subject, and site.   

Evaluating school-level-data-only models  
 
 When school-level data are available but student-level data are not, it is only possible to 

measure school effectiveness using the static and unmatched dynamic models out of the four 

models described above.  Both of these models have the significant disadvantage of being unable 

to measure growth exactly, with the unmatched dynamic model measuring growth only 

approximately, and the static model not measuring growth at all.   

 One way to evaluate how useful these two models are for measuring the impacts of schools 

despite neither being able to exactly measure growth is to estimate all four models over a sample 
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of schools over which student-level data are available.  The results from the static and unmatched 

dynamic models can be compared to the results from the matched dynamic and student-level 

models, where student growth is measured exactly.  The extent to which measures of school 

effectiveness from the static and unmatched dynamic models are correlated with measures from 

the matched dynamic and student-level models will provide substantial guidance over how well 

the static and unmatched dynamic models can measure school effectiveness even in the absence 

of student-level data.   

Performance of school-level-data-only models at the grade and subject level 
 
 For analysis at the individual grade and subject level, all four models were estimated using 

only schools, grades, and subjects for which it was possible to produce results in all four models.  

As a result, all models were run using the same grouping of schools within grade and subject, with 

the student-level samples within those schools changing from the static and unmatched dynamic 

models (which do not require a matched sample between the current and previous years' 

assessments) to the matched dynamic and student-level models (which do).  Since it is not possible 

to produce a school measure using the unmatched dynamic model in the earliest grade of a school, 

the number of schools in models of grade six is substantially lower than in other grades as a result 

of sixth grade being the most common grade for a transition between elementary school and middle 

school.   As a result, the grade- and subject-level analysis is conducted on grades four, five, seven, 

and eight only. 

 Table 1 presents the correlations between school-and-grade-level measures from the static 

and unmatched dynamic models, in which growth is not measured exactly, and analogous 

measures from the matched dynamic and student-level models, in which growth is measured 

exactly.  The most substantial finding is that the unmatched dynamic model performs substantially 
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better than the static model.  The school-level results from the unmatched dynamic model are more 

highly correlated with results from the matched dynamic and student-level models across all 

grades, subjects, and sites.  This is not a surprising finding.  It implies that the inclusion of a lagged 

assessment score that does not exactly match the group of students for which the current 

assessment score is measured is nonetheless a substantial improvement when modeling the impacts 

of schools over no lagged assessment at all.    

 It is interesting to note that there does not seem to be a substantial pattern in the extent of 

the improvement between the static model and the unmatched dynamic model from grade to grade 

or from subject to subject.  It is, however, useful to note that both models appear to perform better 

in math than in reading/ELA, and in the earlier grades than in the later grades. 

 

Table 1. Correlations of school-and-grade-level measures  

Math 
Correlation with matched dynamic model 

Site A Site B Site C 

Grade 
Static 
model 

Unmatched 
dynamic 
model 

Static 
model 

Unmatched 
dynamic 
model 

Static 
model 

Unmatched 
dynamic 
model 

4 0.81 0.95 0.78 0.91 0.58 0.96 
5 0.75 0.94 0.71 0.91 0.59 0.94 
7 0.62 0.91 0.38 0.78 0.49 0.93 
8 0.57 0.90 0.62 0.71 0.56 0.79 

 

Math 
Correlation with student-level model 

Site A Site B Site C 

Grade 
Static 
model 

Unmatched 
dynamic 
model 

Static 
model 

Unmatched 
dynamic 
model 

Static 
model 

Unmatched 
dynamic 
model 

4 0.62 0.83 0.63 0.86 0.56 0.93 
5 0.50 0.84 0.49 0.83 0.36 0.87 
7 0.46 0.87 0.45 0.68 0.33 0.90 
8 0.54 0.84 0.60 0.69 0.66 0.82 
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Reading/ 
ELA 

Correlation with matched dynamic model 
Site A Site B Site C 

Grade 
Static 
model 

Unmatched 
dynamic 
model 

Static 
model 

Unmatched 
dynamic 
model 

Static 
model 

Unmatched 
dynamic 
model 

4 0.59 0.78 0.68 0.83 0.59 0.93 
5 0.60 0.84 0.64 0.84 0.62 0.92 
7 0.54 0.86 0.43 0.58 0.50 0.91 
8 0.45 0.84 0.45 0.83 0.54 0.94 

 
Reading/ 

ELA 
Correlation with student-level model 

Site A Site B Site C 

Grade 
Static 
model 

Unmatched 
dynamic 
model 

Static 
model 

Unmatched 
dynamic 
model 

Static 
model 

Unmatched 
dynamic 
model 

4 0.49 0.72 0.56 0.76 0.56 0.87 
5 0.47 0.77 0.53 0.78 0.42 0.84 
7 0.43 0.74 0.53 0.55 0.52 0.84 
8 0.43 0.76 0.68 0.73 0.43 0.90 

 
Performance of school-level-data-only models at the overall level 

 In the previous section, we examined at the school-and-grade level the difference between 

models that imperfectly measure growth (if they measure growth at all) but do not require student-

level data to estimate and models that perfectly measure growth and do require student-level data 

to estimate.  In this section, we extend the analysis to measures that are aggregated across grades 

to the overall school level.  This will evaluate the performance of school-level-data-only models 

when attempting to measure the overall impact of all tested grades in a school.  It will also describe 

and evaluate some of the possibilities for combining results from different kinds of school-level-

data-only models to produce an overall school measure. 

 For this analysis, we re-estimated the four models at the grade and subject level using a 

sample made up of schools, grades, and subjects for which we can estimate the matched dynamic 

and student-level models.  This will essentially encompass grades four through eight in every 
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school in the sample; the only exceptions will be rare cases in which a school has no students in a 

grade in the current year who took the assessment in the previous grade in the previous year at any 

school across the site.   Every school in this sample will have a result for every grade and subject 

from the static model, which only requires an average assessment score for the current year.  On 

the other hand, not every school in the sample will have a result for every grade and subject from 

the unmatched dynamic model, which requires an average assessment score for the previous grade 

for the previous year for the same school.  In particular, schools whose earliest grade is after the 

earliest tested grade--for example, a middle school that begins in grade six--will not have a result 

for the unmatched dynamic model for that earliest grade. 

 To produce the multi-grade school-level measures for all models except the unmatched 

dynamic model, we averaged all of the grade-level measures for a given level (elementary, grades 

4-5; middle, grades 6-8) for a given subject in a given school, using the number of students as a 

weight.  In contrast, two approaches were employed for producing an aggregate measure for the 

unmatched dynamic model.  The first approach is the same as that of the other three models: a 

weighted average of all of the grade-level measures by subject, level, and school, using number of 

students as a weight.  This approach ignores grades for which a result cannot be measured with the 

unmatched dynamic model.  The second approach, which we will dub the augmented unmatched 

dynamic model, combines results from the static and unmatched dynamic models.  In particular, 

it uses results from the unmatched dynamic model for schools, grades, and subjects in which results 

from the unmatched dynamic model are available, and includes results from the static model for 

schools, grades, and subjects in which results from the unmatched dynamic model are not 

available.  This produces a result that reflects the same span of grades and subjects as the static 

model, but uses results from the unmatched dynamic model whenever it is possible to do so.  One 
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exception to this rule is made for sites in which there are only a small number of schools with both 

a grade five and a grade six; in these cases, results from the static model were used for the sixth 

grade for all schools in the site.  Results from both the static and unmatched dynamic models were 

normalized within model before aggregation to ensure that the results from the static model, which 

typically have a wider variance before normalization, are not disproportionately influential in the 

aggregate. 

 An additional aggregate school-level measure, which we will refer to as the aggregate 

static model, emulates the SSM model employed by CCSA by running the static-model regression 

in equation (1) at an aggregate level, using as a left-hand-side variable an aggregate measure of 

current-year assessment scores by school.  In this approach, the aggregated measure of assessment 

scores is produced by first computing the average assessment score within a school by grade and 

subject, and then subtracting from that the cutoff for proficiency for that grade and subject.  This 

difference is then averaged across grades by school, level, and subject, using the number of 

students as a weight, to compute the aggregated measure of current-year attainment.  This is used 

as the left-hand-side variable in the regression, which is estimated separately by level (elementary 

and middle) and by subject (math and reading/ELA).  The right-hand-side variables are the 

percentage of students in each of the demographic groups used in the other models, computed over 

all students tested in the subject by school and level.  Unlike the SSM model, however, these right-

hand-side variables are measured as percentages rather than as percentiles.  This is for 

comparability with results from the other models.  An analysis of the specification of the 

demographic variables is discussed in the next section of the paper. 

 Table 2 presents the correlations between the overall school-level measures that can be 

measured without student-level data (the aggregated static, static, unmatched dynamic, and 
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augmented unmatched dynamic models) and those that measure growth more exactly with student-

level data (the matched dynamic and student-level models).  The finding that the unmatched 

dynamic model outperforms the static model, a finding which was found at the grade level, 

unsurprisingly sustains to the school level, reinforcing the value of even a partially mismatched 

lagged achievement measure. However, note that the augmented version of the unmatched 

dynamic model outperforms the unaugmented version at the middle school level.  This result 

implies that having representation of all grades within a school, even when it involves representing 

some of those grades with a more flawed model, is better than having some grades not represented 

at all.  To illustrate the correlation of school-level results from the augmented unmatched dynamic 

model with those from the matched dynamic and student-level models, scatterplots of aggregate 

results among the three models across schools in site A are presented in Figure 1. 

 At the elementary level, we do not measure any differences between the augmented and 

unaugmented matched dynamic models.  This is primarily because the differences between the 

two models are very slight given the way that the analysis sample was constructed.  In order for 

the sample to include results from the matched dynamic and student-level models to compare to, 

the earliest grade in the sample is grade four, even though the earliest year of testing is grade three.  

Since most elementary schools with a grade four will also have a grade three, most elementary 

schools will have results for both grades four and five in the static and unmatched dynamic models.  

This makes the augmented version of the matched dynamic model redundant with the 

unaugmented version for most schools given the sample of grades covered by this analysis. 

 However, when testing begins in grade three, it is possible to produce measures for grade 

three using the static model, even though is impossible to produce measures using any of the other 

three models given the absence of a lagged assessment.  Given that the augmented version of the 
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matched dynamic model outperforms the unaugmented version at the middle school level because 

it allows for the inclusion of grade six, it is useful to consider whether it is worthwhile to use a 

variant of the augmented matched dynamic model at the elementary level that allows for the 

inclusion of grade three.  The prospect of doing so looks promising, given that the correlation of 

results from the static model with results from the matched dynamic and student-level models 

tends to be high in grade three relative to other grades. 

 In general, the difference between the performance of the aggregated and unaggregated 

versions of the static model appears to be relatively small, with the unaggregated version of the 

static model usually being only marginally more correlated with the matched dynamic and student-

level models.  This is likely a result of the two models, being essentially variants on the same 

fundamental static model, yielding school measures that are highly correlated with each other, with 

the typical correlation equal to 0.98 or greater.  

Table 2. Correlations of overall school-level measures 
 

Elementary school math 

Model 

Site A Site B Site C 
Matched 
dynamic 

Student 
level 

Matched 
dynamic 

Student 
level 

Matched 
dynamic 

Student 
level 

Aggregated static 0.72 0.53 0.73 0.50 0.60 0.44 
Static 0.72 0.53 0.73 0.50 0.61 0.45 
Unmatched dynamic 0.91 0.77 0.89 0.81 0.94 0.86 
Augmented UD 0.91 0.77 0.89 0.81 0.94 0.87 

 
Middle school math 

Model 

Site A Site B Site C 
Matched 
dynamic 

Student 
level 

Matched 
dynamic 

Student 
level 

Matched 
dynamic 

Student 
level 

Aggregated static 0.62 0.55 0.62 0.68 0.64 0.61 
Static 0.63 0.55 0.64 0.69 0.64 0.63 
Unmatched dynamic 0.80 0.75 0.67 0.65 0.79 0.76 
Augmented UD 0.83 0.77 0.73 0.75 0.84 0.82 
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Elementary school reading/ELA 

Model 

Site A Site B Site C 
Matched 
dynamic 

Student 
level 

Matched 
dynamic 

Student 
level 

Matched 
dynamic 

Student 
level 

Aggregated static 0.51 0.50 0.70 0.53 0.61 0.47 
Static 0.51 0.50 0.70 0.53 0.61 0.48 
Unmatched dynamic 0.76 0.69 0.86 0.77 0.92 0.82 
Augmented UD 0.76 0.69 0.86 0.77 0.92 0.83 

 
Middle school reading/ELA 

Model 

Site A Site B Site C 
Matched 
dynamic 

Student 
level 

Matched 
dynamic 

Student 
level 

Matched 
dynamic 

Student 
level 

Aggregated static 0.56 0.50 0.53 0.58 0.58 0.53 
Static 0.58 0.51 0.52 0.59 0.59 0.55 
Unmatched dynamic 0.78 0.63 0.52 0.48 0.84 0.77 
Augmented UD 0.79 0.66 0.62 0.57 0.86 0.80 

 
 
 
 
Figure 1. Scatterplots of school-level results, site A 
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Elementary reading/ELA 

  
 
 
 
 
Middle school math 
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Middle school reading/ELA 

  

 
Note: Scatterplots only include schools with at least 100 students in covered grades. 
 
The role of mobility 
 
 One way to interpret the difference between the unmatched and matched dynamic models 

is as a difference in treatment of student mobility into and out of schools from one year to the 

next.  The matched dynamic model takes into account that not all students at a school in a given 

year were necessarily at the same school in the previous year.  It controls for prior student 

achievement using the average achievement in the past of students at the school in the present, 

regardless of whether or not they attended the same school in the past.  In contrast, the 

unmatched dynamic model does not take student mobility from one year to the next into account.  

It controls for prior student achievement using the average achievement in the past of students 

attending the school last year, ignoring some students will have since left the school and other 

students have since joined the school. 

 Given this interpretation, we should expect that the differences between the unmatched 

and matched dynamic models will be greater in schools with high rates of year-to-year student 
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mobility.  Table 3 presents the correlation between elementary school-wide measures from the 

unmatched dynamic and matched dynamic models separately by the extent of mobility of 

students from year to year within the school in site C.  It splits schools into the top quarter, the 

middle half, and the lowest quarter by mobility rate.  The mobility rate is computed as one minus 

the geometric mean (square root of product) of the forward stay rate (proportion of students in 

the previous year who stayed and made typical grade progression) and the backward stay rate 

(proportion of students in the current year who are not new and made typical grade progression).  

The analysis only includes elementary schools with results for both fourth and fifth grade from 

both the unmatched and matched dynamic model, and only includes schools with at least fifty 

students combined between the fourth and fifth grades in the current year and at least fifty 

students combined between the third and fourth grades in the previous year. 

 The most substantive result presented in Table 3 is that there is a modest relationship 

between the extent of year-to-year mobility in a school and the correlation between school-level 

measures using unmatched and matched dynamic models.  One possible reason for the relatively 

small magnitude of this relationship is that the differences in mobility between high- and low-

mobility schools, while substantial, are not dramatically large from the perspective of measuring 

the achievement growth of a cohort.  (This is distinct from the effect of year-to-year mobility 

itself on student learning--the effect of changing schools or experiencing a high-turnover student 

peer group on student achievement--which can be controlled for in either a matched or 

unmatched model by including a measure of mobility as a right-hand-side variable.)  Another 

possible reason, which is not mutually exclusive with the first, is that student turnover may not 

too substantively distort measures of growth in student achievement of a cohort because the 
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students who leave the cohort and the students who join the cohort over the course of the year 

may have similar achievement levels. 

Table 3. Correlation between overall elementary school measures from unmatched 
dynamic and matched dynamic models, by year-to-year mobility, site C 

Mobility quantile 
Average 

mobility rate 
Correlation, matched and unmatched models 

Math Reading 
Least mobile quarter 7% 0.97 0.95 
Middle half 13% 0.95 0.94 
Most mobile quarter 22% 0.91 0.88 

 
Specification of demographic variables 
 
 In all of the school-level models estimated above, the demographic variables have been 

specified as percentages.  For example, if a school is eighty percent economically disadvantaged, 

the economic disadvantage variable is set to 0.80; if it is twenty percent economically 

disadvantaged, it is set to 0.20.  However, this is not the only possible way to specify these 

variables.  An alternative approach is to specify them as percentile ranks.  For example, suppose 

that, when schools are ranked across a district or state by the percent of students disadvantaged, a 

school in which eighty percent of students are economically disadvantaged ranks in the ninety-

first percentile.  We could use that percentile rank of 0.91 as the control for economic disadvantage 

in the model of school effectiveness, in place of the percentage of 0.80.  This is the approach of 

the current SSM model employed by CCSA. 

 We consider the impact of four different ways to specify the demographic variables in 

school-level models: 

 As percentages.  This approach directly uses the proportion of students at the school with 

a particular demographic characteristic as the control for that demographic characteristic. 
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 As percentile ranks.  This approach ranks schools by the proportion of students with a 

particular demographic characteristic and uses the percentile rank of that school as the control for 

that demographic characteristic. 

 As percentages, including both linear and quadratic terms.  This approach includes two 

terms for each demographic characteristic: one equal to the proportion of students with that 

characteristic, and one equal to the square of the proportion of students with that characteristic.  

For example, if eighty percent of students at a school are economically disadvantaged, then the 

linear term is set to 0.80 and the quadratic term is set to 0.80 × 0.80 = 0.64.  This specification is 

useful if we believe that there is nonlinearity in the relationship between the proportion of students 

with a given demographic characteristic and average achievement or growth. 

 As a rank-based normal variable.  This approach takes the ranking of the proportion of 

students with a particular demographic characteristic across schools and transforms it to a bell-

shaped normal distribution.  It is computed by taking the percentile rank and transforming it 

through the inverse standard normal cumulative distribution function.  For example, if a school is 

in the ninety-first percentile of schools by percent of students economically disadvantaged, then 

this variable is equal to )-1(0.91) = 1.34.  This variable will have a range of roughly -3 to +3. 

 In general, we prefer the models that specify the demographic variables as percentages, 

either as a linear term only or as a relatively straightforward transformation such as a quadratic or 

cubic function.  This is because it is more plausible that the effect of, for example, an increase in 

the proportion of students economically disadvantaged from 0.20 to 0.80 is likely to depend more 

on the magnitude of the increase itself (in this case, 0.60) than on the change in the school's relative 

position in the distribution of percent economically disadvantaged across schools.  In general, it 

should not matter if an increase from 0.20 to 0.80 shifts a school by three, thirty, or three hundred 
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places in a ranking of schools by percent economically disadvantaged.  Instead, what is likely to 

matter is that the proportion of students economically disadvantaged itself has increased 

substantially.  

Table 4. Correlation of school-level measures across approaches to specifying 
demographics 
 

Correlation with school-level measures with demographics specified as percentages 
Specification of demographic 
variables 

Math Reading/ELA 
Grade 4 Grade 8 Grade 4 Grade 8 

Static model     
 Percentiles .88 .92 .87 .92 
 Percentages, with quadratic term .97 .97 .98 .97 
 Normalized rank .88 .93 .84 .91 
Unmatched dynamic model     
 Percentiles .92 .95 .94 .95 
 Percentages, with quadratic term .98 .95 .97 .96 
 Normalized rank .93 .97 .94 .96 

 
 Table 4 presents the correlation of school-level measures for grades four and eight within 

one of the sites between a model that specifies the demographic variables as percentages and 

models that specify the demographic variables in the three alternative ways described above.  The 

most substantive result is that the correlations across the different approaches to specifying 

demographics are typically higher in the unmatched dynamic model, which includes average 

lagged assessment scores as well as demographics, than in the static model, which includes 

demographics only.  This is not surprising, since the inclusion of a lagged assessment in the 

unmatched dynamic model reduces the dependence of the model on the demographic variables.   

Conclusions 
 
 Most models of school effectiveness that use assessment data, such as value-added models, 

are designed with the expectation that student-level data are available.  However, this is not always 

the case.  In some cases, the only data available may be school-level averages. To evaluate models 

that attempt to measure school effectiveness using only school-level aggregates, we compared 
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school measures from models that use school-level data only to school measures from better-

specified models that use student-level data. 

 We find that school effectiveness measures from models that use only school-level data are 

positively correlated with measures from models that use student-level data, although not to the 

extent that the former should be understood as measuring the impacts of schools as reliably as the 

latter.  We recommend that models that only use school-level data should only be employed if the 

use of student-level data is precluded. 

 We find that models that use school-level data that include a lagged achievement measure 

substantially outperform models that include demographics only.  However, we also find that 

demographics-only models are useful when computing overall, multi-grade school measures.  This 

is because demographics-only models make it possible to include grades in which it is not possible 

to measure lagged achievement without student-level data.  This is useful for schools whose 

earliest grades are later than the earliest tested grade, such as a middle school that begins at grade 

six.  In these schools, we recommend using a multi-grade measure that uses results from a lagged-

achievement model for grades in which a lagged-achievement model is possible, and uses results 

from a demographics-only model for grades in which a lagged-achievement model is not possible.  

We find that this model performs better than a model that simply excludes grades in which a 

lagged-achievement model is not possible.  

 We recommend that demographic variables in a school-level model are measured as 

percentages, which can be entered in a model as a linear term, as a linear and quadratic term, or as 

some other relatively straightforward transformation.  Finally, we find that the specification of 

demographics is less important when a lagged achievement measure is included in a school-level 

model than it is when it is not. 
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