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Abstract 
 
The federal Race to the Top competition provided significant impetus for states to adopt “value-added” 
models as a part of their teacher evaluation systems. Such models typically link students to their 
teachers in the spring semester when state-wide tests are administered and estimate a teacher’s 
performance based on his or her students’ learning between the test date in the previous school year 
and the test date in the current year. Due to data limitations in many states, however, the effect of most 
student learning experiences between two consecutive tests cannot be distinguished from, and hence is 
often attributed to, the value-added of teachers in the spring classrooms. This study examines how 
teacher evaluations are affected by such misattribution and explores methods that can provide the best 
approximation in the absence of more detailed data. We find that ignoring previous school year 
teachers’ contributions on student learning has a sizeable impact on estimated value-added scores for 
teachers in the current school year. We also present an alternative approach that can be implemented 
in the absence of more detailed data on student learning experiences and closely approximates teacher 
value-added scores that are estimated based on complete student enrollment and roster information.   
 
JEL classification: I280; I200; I210 
 
Keywords: Teacher performance; value-added models; test-based accountability 
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1. Introduction 

Accountability has become a mantra in public education nearly a decade after the No Child Left 

Behind Act of 2001 (NCLB) was signed into law. Although state-wide school accountability predates 

NCLB, the enactment of this federal law was inarguably the driving force behind the current system as it 

imposed severe sanctions on states unless they implemented a school accountability system meeting 

several requirements. Consequently, as of 2009, all 50 states and the District of Columbia had adopted 

accountability programs that incorporate three key elements: standardized testing, school assessment, 

and rewards and sanctions based on school performance.  

Furthermore, demands for greater accountability have been intensifying beyond simple school-

level accountability as the focus of educational accountability shifts from institutions to individual 

educators. Over the last decade, several federal laws and policies have incentivized states to develop 

individual-level systems where teachers and principals are personally held responsible for their students’ 

performances. A recent example is the Race to the Top (RTTT) competition, which provided significant 

impetus for states to require evidence of student learning in teacher evaluations.1 The introduction of 

teacher-level accountability is particularly important because of the role of teachers as the most 

consequential school-level factor in the production of education.2  

The centerpiece in a sustainable teacher evaluation system is a fair assessment mechanism that 

yields the correct allocation of the blame or reward for the failure or success of individual students 

between teachers and other education production function inputs (e.g., family attributes, intrinsic 

motivation, and ability). An important challenge in efforts to isolate the contribution of individual 

teachers on student outcomes is the nonrandom assignment of students to teachers. Principals 

                                                 
1 Specifically, the section on Great Teachers and Leaders of RTTT, which requires states to develop data-based 

teacher evaluation systems and use these evaluations to inform key decisions such as hiring, compensation, and 

retention, carries the largest weight in RTTT application reviews. 
2 See Goldhaber, Brewer, & Anderson, 1999; Hanushek, 1986; Rivkin, Hanushek, & Kain, 2005; and Clark, 

Martorell, & Rockoff, 2009. 
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commonly assign students to classrooms on the basis of student needs, parental demands, or favoritism 

toward specific teachers. Such strategic placements complicate fair comparisons between teachers as 

observed differences in student achievement could easily be driven by preexisting differences in student 

characteristics.   

Among the various methods proposed for teacher evaluation, value-added models have recently 

drawn significant attention from researchers and policy makers, with a growing number of states 

adopting these models as a part of their teacher evaluation systems. Such models commonly link 

students to their teachers in the spring semester, when state-wide tests are administered, and estimate 

a teacher’s performance based on his or her students’ learning between the test date in the previous 

school year and the test date in the current year in a regression framework. The extent to which these 

models identify the real value-added of teachers relies on the capability of control variables included in 

the specification to capture the nonrandom component in student assignments. The latest development 

in value-added methodology suggests that, when specified correctly, value-added models can provide 

unbiased estimates of teachers’ causal contributions to student learning (Chetty, Friedman, & Rockoff, 

2014; Kane, McCaffrey, Miller, & Staiger, 2013).  

In this study, we are interested in another source of bias in value-added models, namely bias 

due to measurement error in teacher indicators.3 An implicit assumption in value-added specifications is 

that the teacher of the spring semester is responsible for the regression-adjusted student learning 

between two consecutive tests. However, between those two time points, almost all (more than 96%) 

students are exposed to teachers other than the spring teacher in several ways. For instance, many 

students, especially in middle and high schools, are instructed by multiple teachers in a given subject 

                                                 
3 It is important to note that this type of bias would still exist if students were randomly assigned to teachers, which 

we discuss in detail in the following section. It should also be noted that, although we are focusing on value-added 

models here, the “misattribution” issue we explore in this study could arise in other types of teacher performance 

measures as well. In the context of classroom observations, for example, teacher practices are likely a reaction to 

student behavior, which in turn could be influenced by other teachers (Whitehurst, Chingos, & Lindquist, 2014). 
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concurrently (cross-sectional multiplicity). Further, even in self-contained classrooms, students might be 

exposed to multiple teachers successively (longitudinal multiplicity) due to student/teacher mobility 

across schools/classrooms, or due to the timing of the standardized tests, which, in many states, take 

place significantly earlier than the end of the school year.  In particular, the timing of the tests is the 

main reason why almost all students are “exposed” to multiple teachers between consecutive tests. 

With a March test schedule, for instance, about one quarter to one third of student learning that takes 

place between test administrations is linked to students’ prior year teachers.  

The issue of multiplicity in teacher value-added estimation has been considered before. 

Specifically, Hock and Isenberg (2012) propose a “full roster” method to accommodate team teaching or 

other forms of shared instructional responsibility. This method can also incorporate information about 

the fraction of a year that a student spent with each teacher using weights. However, as far as we are 

aware, there is no existing study that focuses on the joint contribution of teachers from multiple school 

years and the implications of ignoring such cross-year multiplicity.  

Because of data limitations in many states, the effect of all these student learning experiences 

cannot be distinguished from, and hence is often mistakenly attributed to, the value-added of teachers 

in the spring classrooms.4 One of the few exceptions is Florida, which conducts two enrollment surveys 

and thus provides detailed information about within-semester student movement across schools (e.g., 

schools attended, entry and withdrawal dates) as well as classrooms in fall and spring semesters (e.g., 

time spent with each teacher in a given week). Using these data, the proposed study examines how 

                                                 
4 A common approach in the literature in the absence of detailed data is to confine the analysis to students in self-

contained classrooms at the elementary level (e.g. Rothstein, 2009, 2010; and Sass, Hannaway, Xu, Figlio, & Feng, 

2011); however, this strategy is problematic for several reasons. First, such restrictions exclude a considerable 

percentage of students due to cross-sectional multiplicity. Further, even in self-contained classrooms, students might 

be exposed to multiple teachers throughout the year if they and/or their teachers move between schools or between 

classrooms within schools. Finally, testing systems in many states (e.g., Illinois, Indiana, Florida, etc.) imply 

longitudinal multiplicity for all students as state-wide testing takes place significantly earlier than the end of the 

school year.  
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teacher evaluations based on less detailed data will be affected by such misattribution and explores 

methods that can provide the best approximation in the absence of more detailed data. 

To assess the extent of this issue, we compare the value-added estimates obtained using 

different levels of information about student exposure to multiple teachers. We first assume that 

classrooms are observed only at the time of testing, which is common in reality, and only use the spring 

rosters in the estimation. In these estimates (i.e., spring roster or SR estimates), students are assumed to 

split their instructional time in a given subject equally between teachers if they are instructed by 

multiple teachers in that subject at the time of standardized testing. We then examine three cases with 

different estimation samples where we observe additional information about student exposure to 

multiple teachers. In the first alternative, we use the spring classrooms in the estimation once again, but 

weigh each observation by the spring dosage (SD), calculated as the percentage of subject-specific 

instruction time the student spends in the classroom at the time of testing. In the second alternative, we 

assume that data contain multiple classroom snapshots and include all observed classrooms since the 

beginning of the school year in the estimation, with each observation weighted by the school year 

dosage (SYD). Finally, we account for the contribution of previous year teacher(s) on student learning 

and include all observed classrooms between two consecutive tests in the estimation. In this case, each 

observation is weighted by the test year dosage (TYD), calculated as the subject-specific instruction time 

the student spends in each classroom between two consecutive tests.  

Comparisons between the value-added estimates obtained under these settings reveal high 

correlations, unless the time spent with the previous year teacher(s) is accounted for. In particular, the 

correlations between estimates based on the SR and estimates weighted by SD or SYD range between 

0.96 and 0.99 in both reading and math depending on the covariates included in the model.  Estimates 

based on TYD, on the other hand, are moderately correlated with SR estimates, with correlations 

between 0.81 and 0.91 in both subjects. This implies that the value-added scores obtained under the 
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most restrictive informational setting fail to explain about one sixth to one third of the variation in the 

TYD estimates in reading and math.5 

A common policy practice in teacher performance evaluations is to rank teachers based on their 

value-added scores and identify the low and high performers based on these rankings. Therefore, 

besides simple correlations, another parameter of interest in this context is the rate at which teachers 

are categorized differently using the SR estimates. The findings reinforce the correlation analysis with 

significantly higher different classification rates when comparing SR estimates with TYD estimates. For 

instance, the results indicate that nearly one sixth of teachers categorized in the top or the bottom 

quartile using the SR estimates would be classified differently using the TYD estimates. In the light of 

these findings, we propose an alternative strategy that can be implemented in the absence of more 

detailed data and yields relatively high correlations (and similar teacher classifications) compared to the 

TYD estimates. 

So far, the fairness of teacher value-added models has typically been assessed based on their 

capability to adequately isolate the contribution of non-teacher factors on student outcomes. The study 

proposed here, on the other hand, investigates how fairly value-added specifications allocate 

reward/blame for the performance of students among teachers when data systems lack detailed 

information about student experiences between two consecutive tests. In the midst of the current move 

toward teacher-level accountability, and as many states design their teacher evaluation systems as 

mandated by RTTT, this study provides valuable and timely information for policy makers and the wider 

education policy community. 

                                                 
5 The correlations imply that SR estimates explain between 66% and 81% of the total variation in TYD estimates 

(0.812 = 0.66, 0.912 = 0.83). 
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2. Misattribution of Teacher Value-Added 

Similar to much of the empirical analysis in the economics of education, value-added models 

branch from a simple education production function that typically describes the accumulated learning of 

student i at the end of year t  itA  as a function of the entire history of individual, family, and school 

inputs received to date as well as the student’s intrinsic ability. Assuming that this functional form does 

not vary with age and is additively separable, following Harris and Sass (2006), itA can be written as: 
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   (1) 

where jk  is the contribution of teacher j in year k, i  is the time-invariant intrinsic ability that is 

expected to influence learning differently in different years (grades), ikX  represents the vector of all 

inputs to learning outside school in year k (e.g., family and neighborhood inputs), mkS  represents the 

vector of all other non-teacher school inputs in year k (e.g., school resources and peer effects), and it  is 

the error term with zero mean. The marginal contributions of all inputs to learning decline geometrically 

at the same rate    over time where 10   .  

Many teacher value-added models discussed in the literature are variations on the general 

theme depicted in equation (1) with different assumptions. Assuming perfect persistence of prior 

learning  1  and that the impact of intrinsic ability on learning changes at a constant rate over time 

for simplicity, the achievement gain between years t and t-1 can be written as: 

itjtimtitititit SXAAA   1    (2) 

In this model, the time-invariant student heterogeneity  i  and the time-varying teacher 

value-added  
jt  are typically estimated in a fixed-effects framework using vectors of student (I) and 

teacher-year (T) indicators. That is, the following equation (in matrix notation) is estimated using OLS: 
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uTISXA        (3) 

Suppose that we observe N students for K years assigned to J teachers. T is then a NK x JK matrix where 

  . nandl  all for ,T n,l 10  

In many administrative data systems, classrooms are observed once a year, typically at the time 

of standardized testing. Applying the value-added framework described in (3) to spring classrooms 

implies that each teacher at the time of testing is assumed to be fully responsible for the regression-

adjusted learning of the student between two measurements.6 However, in reality, students are 

exposed to multiple teachers between two consecutive tests for several reasons. First, especially at the 

middle and high school levels, many students are instructed by multiple teachers in a given subject. 

Second, even in self-contained classrooms at the lower grades, students might be instructed by multiple 

teachers successively between two tests because of student/teacher mobility across schools/classrooms 

(especially in schools serving disadvantaged populations), or because of the timing of tests in many 

states, which leads to student exposure to the teacher(s) of the previous grade for a considerable 

amount of time. Therefore, the teacher indicators (assumed dosages) in (3) are measured with error and 

can be written as 

 *
TT  

where *
T  is the matrix of true dosage rates with  

lT, nl T **

n,ln,l
 allfor  1 and and allfor  10

JK

1n




  

and   represents the NK x JK matrix of measurement errors with nondiagonal covariance matrix, 

0 , where each column is assumed to have zero mean.7 Substituting T  in (3) yields: 

                                                 
6 This assumption typically arises because of data limitations: in many state longitudinal data systems, students can 

be linked to their teachers only at the time of statewide testing and hence student experiences between two 

consecutive tests cannot be observed by the researcher. 

7 We know that Ω is not diagonal since ., l
KJ

n
nl  allfor  0

1
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where   u . Hence, unbiased value-added estimates in (3) require:  

       0 
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Suppose that the included covariates in (3) are sufficient to completely capture the 

determinants of student assignments to teachers, and that the components of T and u are uncorrelated 

to each other. That is, 
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We still know that8  

    0 EE uT  

Therefore, the value-added estimation strategy given in (3) will yield biased estimates even 

under the conditionally random student-teacher matching assumption.9 We also know that this bias is 

not confined to the coefficients of teacher indicators measured with error; all value-added estimates will 

be “contaminated” by the measurement error in some teacher indicators.10 

To better understand the nature of this bias, consider the following gains model as a special 

case: 

 itjtitA        (5) 

                                                 
8 Further, in (3), it is reasonable to expect that     00  uIEuXE

''  and since some students (e.g., disadvantaged, low-

performing, or students with special needs) are more likely to be instructed by multiple teachers in a given subject 

over the course of the school year than others     00   ''
IEXE  and i.e.  . 

9 To minimize the effects of the measurement error, the previous literature on teacher value-added commonly 

restricted the analysis to students in self-contained classrooms in the absence of more detailed data. Although this 

approach potentially reduces the aforementioned bias as it eliminates cross-sectional multiplicity in instruction, it is 

still prone to measurement error induced by longitudinal multiplicity. 
10 See Levy, 1973. 
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where itiitit X   .  Following the same methodology and notation, value-added estimates are 

given as11:  

    


uTTT
1ˆ  

Assuming uniform classroom size (NC = N / J) and that the conditions in (4) are satisfied, it can be shown 

that12: 

   
CN

1ˆE  

Hence, the expected value of teacher j’s value-added estimate can be written as: 

  k
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jkCjC

jj

j
NN




 

















1
1ˆE     (6) 

where  kjjk Cov  , . Equation (6) indicates that the value-added estimate of a given 

teacher will not only be “attenuated” by the variance of the error in its own dosage rate, but will also be 

“contaminated” by the value-added of other teachers due to the correlation between measurement 

errors. The direction of bias is ambiguous, since we know that 0jk  and hence the two terms in (6) 

might work against each other. While this result does not completely carry over to more complicated 

value-added models, bias in the form of attenuation and contamination does persist. As illustrated in 

this special case, measurement error in teacher indicators will lead to the “misattribution” of value-

added among teachers. 

 

 

                                                 
11 In this model, the value-added estimate of a given teacher will simply be equal to the average achievement gains 

of his or her students. 
12 It is important to note that, in this special case, the first condition in (4) implies unconditional random assignment 

of students to teachers. 
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3. Data and Empirical Strategy 

3.1. Data 

The main reason behind misattribution bias in traditional value-added specifications is data 

limitations that hinder the researcher’s ability to observe students’ learning experiences over the course 

of the school year. In many state longitudinal data systems, classrooms are only observed once, typically 

at the time of state-wide testing in the spring. One of the few exceptions is Florida, which, aside from 

October and February surveys that determine full-academic year eligibility, conducts three surveys 

throughout the school year.13 Thus, student-level administrative data contain detailed information 

about student experiences between two consecutive tests, which we utilize in this study to address the 

questions posed earlier.  

Specifically, we use detailed student-level administrative data that cover all K–12 students for 

the years between 2002–2003 and 2011–2012. The longitudinal data contain reading and math scores 

for all students between Grades 3 and 10 in two state-wide tests. Under Florida’s A+ Plan that was 

enacted in 1999, each public school is assigned a grade from “A” to “F” based on the performance of its 

students on the curriculum standards-based Florida Curriculum Assessment Test (FCAT-SSS). 

Additionally, between 1999 and 2008, all public school students in Grades 3 through 10 were required to 

take the norm-referenced Stanford-9 or Stanford-10 Achievement Tests as the FCAT-NRT, the results of 

which were not used for accountability purposes. In the analyses that follow, we use the student test 

scores in FCAT-SSS as the primary measure of student achievement. In addition to these achievement 

measures, the data set includes demographic information on students such as race, gender, free or 

reduced-price lunch (FRPL) eligibility, limited English proficiency (LEP) status, LEP program entry and exit 

dates, and exceptional/special education (ESE) status at the time of each survey.  

                                                 
13 The primary purpose of these surveys, each of which is conducted over a week, is to determine full-time 

equivalency counts of students, which are then used for school and school district funding decisions.   
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Using unique classroom identifiers, these data can be linked to teachers. Teacher-level data 

include demographics, experience, educational attainment, and certification status. We restrict the 

analysis to elementary and middle school students in Grades 4 through 8 and focus on school years after 

2006–2007, when the data set begins to break down the time spent in self-contained classrooms by 

subject. We also exclude classrooms with less than 10 students to improve the precision of teacher 

value-added estimates. We identify the relevant reading and math classrooms using the Florida 

Department of Education definitions.14 These restrictions leave us with approximately 3.2 million 

student-year observations, 108,680 reading teacher-year observations, and 90,768 math teacher-year 

observations over 4 years and five grades. Table 1 presents some of the observed teacher characteristics 

in the data. Ten percent of all teachers in the data are novice or first-year teachers whereas about one 

third have more than 12 years of experience. One third of teachers have advanced degrees and virtually 

all are regularly licensed. These attributes are comparable across subjects and grade levels. 

Table 2 illustrates the extent of instructional multiplicity. At the time of the state-wide testing in 

March, roughly 30% of all students in the sample had more than one instructor in reading courses and 

7% had multiple instructors in math. These numbers rise to 34% in reading and 15% in math, when 

student/teacher mobility across classrooms and schools since the beginning of the school year is taken 

into account. Further, the timing of state-wide testing implies that almost all these students (98% in 

reading and 96% in math) were instructed by multiple teachers between two consecutive tests, as they 

spend approximately 3 months with the teacher(s) of the previous grade until the end of the prior 

school year. Comparisons between elementary and middle school students reported in the second and 

third columns also suggest that middle school students are significantly more likely to be instructed by 

multiple teachers in a given year for both subjects, but especially in reading.  

                                                 
14 See http://www.fldoe.org/core/fileparse.php/7566/urlt/0075072-value-added-model-technical-report.docx, 

accessed 1/23/2015. 

http://www.fldoe.org/core/fileparse.php/7566/urlt/0075072-value-added-model-technical-report.docx
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Table 3 presents the descriptive statistics for the entire sample (first column), students with 

multiple teachers in the spring (second and fourth columns), students instructed by multiple teachers in 

reading or math since the beginning of the school year (third and fifth columns), and students who 

switched schools after the beginning of the school year (sixth column) separately for elementary (first 

panel) and middle school students (second panel). Students instructed by multiple teachers have 

significantly lower prior test scores in both reading and math, are more likely to be free or reduced-price 

lunch eligible (especially true for school switchers), slightly more likely to be identified as special 

education and limited English proficiency, and more likely to be African American. 

Table 4 presents the critical dates between two consecutive tests in Florida during the time 

frame examined. In all school years, FCAT-SSS was administered in March or April, the spring semester 

ended at the beginning of July, and the following fall semester started in mid-August. Between two 

consecutive tests, classrooms are observed three times, once right before the state-wide testing in year 

t during the February enrollment survey, once during the October survey in year t+1, and once during 

the February survey in year t+1. In addition to these snapshots of classrooms, the data set also contains 

information about student mobility across schools (entry and withdrawal dates from/to each school 

attended during the year), and the amount of time (in minutes) each student spends in each classroom 

per week. We use these variables to calculate the percentage of subject-specific instruction time 

students receive in each classroom (i.e., the dosages). 

3.2. Empirical Strategy 

We consider several commonly used value-added models in our analysis. Although the issue of 

model specification has been thoroughly investigated in the latest value-added literature,15 we consider 

multiple models in order to reflect a wide range of modeling choices in practice. The first is the simple 

gains model described in (5) with perfect persistence  1  that excludes non-teacher inputs (G1). We 

                                                 
15 For example, see a series of studies by Guarino and her colleagues that can be found at 

http://vam.educ.msu.edu/publications/. Retrieved on November 26, 2014. 

http://vam.educ.msu.edu/publications/
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then enrich this model by adding different non-teacher inputs; student covariates (e.g., free or reduced-

price lunch eligibility, special education status, LEP status, age, race/ethnicity, gender, immigrant status, 

etc.) in Model 2 (G2), and student covariates and peer characteristics at the classroom level (e.g., 

average peer prior test scores, FRPL eligibility, special education status, etc.) in Model 3 (G3). 

One concern with the gains model is that score gains are often higher for students who start at a 

lower initial performance level. This correlation could be the result of regression to the mean; it could 

also result from the properties of state-designed standardized tests, which may have more 

differentiation power at the lower end of the student ability distribution than at the higher end. The 

effectiveness estimate of teachers in high-performing classrooms and schools, as reflected on state 

standardized tests, could be penalized as a result. Following a strategy suggested by Hanushek et al. 

(2005) in Model 4 (G4), we divide students into deciles according to their lagged test scores and then 

standardize score gains within each lagged score decile, and also control for student and peer 

characteristics. Finally, in Model 5 (G5), we also control for the twice-lagged student test score, which 

has been shown to alleviate concerns regarding bias due to nonrandom sorting of students to teachers. 

We also consider the levels model, which is flexible in that it does not impose a specific 

assumption about the rate at which knowledge decays over time; instead it allows   to be estimated.16 

Analogous to the gains models, we first examine the case without any non-teacher inputs (L1), add 

student characteristics (L2), classroom peer characteristics (L3), and twice lagged student test scores 

(L4). We choose not to follow a student fixed-effects approach, since recent literature suggests that this 

                                                 
16 However, because student achievement is likely to be serially correlated, the inclusion of the lagged achievement 

term on the right hand side of the levels model leads to correlation between the regressor and the error term; 

consistent estimation requires instrumental variables methods as described by Anderson and Hsiao (1981, 1982), 

Arellano and Bond (1991), Arellano and Bover (1995), and Blundell and Bond (1998). Furthermore, measurement 

error in the lagged achievement term introduces downward bias in the estimate of the persistence rate α and may 

also induce bias in other coefficients (including teacher effects) if teacher assignments are conditioned on observed 

test scores and information available to school staff but not in the administrative data. 
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approach is not necessarily robust to student sorting based on time-varying unobservable student 

characteristics (i.e., dynamic sorting) and it tends to understate teacher value-added.17 

We estimate these value-added models using a similar approach to the full roster method 

described in Hock and Isenberg (2012). In our value-added estimation, for a given subject, each 

observation is specific to student, teacher, year, and semester. This is in contrast to value-added analysis 

constrained to self-contained classrooms where each observation is student-year specific. For the sake 

of simplicity, we call each combination of teacher, year, and semester a classroom. Using this 

framework, we obtain value-added scores under four different scenarios with varying levels of available 

information about student exposure to multiple teachers.  

In our most restrictive informational setting, which is common in many data systems, we 

assume that classrooms are observed only once at the time of standardized testing and the data contain 

no information about how much time each student spends in the classroom. In this scenario, the 

estimation sample only consists of spring classrooms, and for each subject, a student is observed k times 

in the estimation sample if he or she was in k classrooms in that subject at the time of testing in the 

spring. Teacher effects, which we call spring roster estimates or SR estimates, are then simply estimated 

using teacher fixed effects with standard errors clustered at the student level. In this specification, we 

assume that students split their instructional time in a given subject equally across classrooms and 

weigh each observation in the estimation accordingly.  

In the second case, we assume once again that only spring classrooms are observed, but now we 

know how much time students spend in each classroom. Using this additional information, for each 

student-spring classroom pair, we calculate spring dosages as the percentage of subject-specific 

instruction time the student spends in that classroom. Figure 1 presents the distribution of spring 

dosages by subject and grade level. We then estimate each value-added model using weighted least 

                                                 
17 Further, student fixed-effects approach typically has low power since students are commonly observed for a small 

number of years. 
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squares with teacher fixed effects where each observation is weighted by these dosages. Therefore, 

spring dosage estimates or SD estimates hold each spring teacher partially accountable only for students 

in their spring classrooms based on their dosages, yet ignore the fact that students are exposed to other 

teachers since the previous test.  

In the third case, we assume that the data contain two snapshots of classrooms during the 

school year, one in fall and the other in spring. We also know how much time students spend in each 

classroom at the time of these snapshots, as well as the entry and withdrawal dates to and from each 

school they attended during the school year. In the value-added estimation, for a given subject, we use 

both spring and fall classroom rosters, with each observation weighted by school year dosages 

(distribution given in Figure 2). For each student-classroom pair, these dosages are defined as the total 

subject-specific instruction time spent in the classroom since the beginning of the school year, divided 

by the total instruction time the student spends in that subject since the start of school year. Thus, 

school year dosage estimates or SYD estimates hold spring teachers accountable for each student they 

have instructed during the school year depending on how much time the student spent in their 

classroom, yet ignore the previous year teachers’ contribution on student learning. 

In the final scenario, we extend the previous case and account for the time each student spends 

with the teachers of the previous year between two tests in the estimation. In particular, we include 

spring classrooms, fall classrooms, and spring classrooms of the previous year in the estimation sample. 

We weigh each observation with the test year dosage, which we calculate using the total time the 

student spends in a given subject between two consecutive tests as the denominator. These test year 

dosage estimates or TYD estimates hold teachers partially responsible not only for all students they 

instructed during the current school year, but also for the current year performances of students they 

instructed between the previous test and the end of the prior school year. How much the regression-



16 

 

adjusted performance of each student contributes to the teacher’s value-added score depends on how 

much time the student spent with that teacher between two consecutive tests.  

Figure 3 provides the distribution of test year dosages by grade level and subject. In elementary 

schools (upper panel), the main source of instructional multiplicity is the exposure of students to the 

teacher(s) of the previous school year due to the timing of state-wide testing. Most elementary school 

students (about 80% in both reading and math) spend about 70–75% of the possible instructional time 

between two tests with the self-contained classroom teacher during the spring semester of the current 

year. In middle schools, on the other hand, cross-sectional multiplicity is more prevalent, especially in 

reading. Middle school students with two reading teachers in the spring (roughly 40%) spend roughly 

one third of their available reading instruction time with each of these teachers. Middle school math is 

more comparable to elementary school, where most students are instructed by one teacher in a given 

school year and the main source of instructional multiplicity is the teacher of the previous year. 

It is worth noting an important challenge we face in our analysis - bias due to nonrandom 

sorting of students to teachers. If the covariates included in the value-added models we consider are not 

sufficient to capture the nonrandom component of assignments, estimates under all informational 

settings will be biased. Further, if this bias affects the estimates differently under different informational 

scenarios, the correlation between the teacher effects will also be inaccurate. To alleviate this concern, 

we follow two approaches. First, we control for twice lagged test scores in some models (G5 and L4) to 

reduce bias due to dynamic sorting, a plausible scenario under which classroom assignments respond 

dynamically to annual achievement (Rothstein, 2010). Second, in some specifications, we rely on value-

added estimates averaged over multiple years. Although this approach excludes novice teachers with 
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insufficient years of experience, it potentially reduces the effects of dynamic sorting as it averages out 

the “noise” in value-added estimates (Koedel & Betts, 2011).18  

4. Results 

Table 5 presents the correlations between the annual value-added estimates obtained under 

the four settings we consider in the analysis. In Appendix A, we also present scatter plots of value-added 

scores using G4. The findings suggest high correlations between SR, SD, and SYD estimates. Correlations 

are comparable within subjects across different models, with slightly lower correlations in more 

sophisticated models. Correlations between SR and SD estimates range from 0.997 to 0.998 in reading, 

and from 0.998 to 0.999 in math. Correlations decline slightly when we account for student exposure to 

other teachers since the beginning of the school year, with reading correlations between SR and SYD 

estimates in the range of 0.963 and 0.983, and math correlations in the range of 0.965 and 0.977.  

We see a considerable drop in correlations when the time spent with previous year teacher(s) is 

accounted for in the estimation. In particular, reading correlations, reported in the third column of Table 

5, range from 0.862 to 0.891 in the gains models and from 0.859 to 0.911 in the levels models. Math 

correlations are comparable across the board, ranging from 0.809 to 0.820 in gains models and from 

0.820 to 0.870 in levels models. Under more preferred specifications that are commonly used in the 

literature (e.g., G4, G5, L3, L4), these correlations imply that the full roster estimates explain about 65–

75% of the variation in the dosage estimates in reading and math. The correlations are even lower 

(between 0.75 and 0.86 in both reading and math) when we restrict the analysis to the first 2 years of 

                                                 
18 Evaluating teachers over multiple years is also a remedy for the precision of value-added estimates. This is 

especially problematic when comparing the value-added rankings of teachers between any two methods, as the 

confidence intervals for most teachers overlap and hence value-added scores cannot be distinguished with certainty. 

We also exclude teachers with less than 10 “full-time” students to increase the precision of the estimates. In our first 

informational setting, this translates into excluding teachers with less than 10 students in their spring classrooms. 

Under all other cases, we exclude teachers for whom the summation of the corresponding student dosage in the 

estimation sample is less than 10. 
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our sample, when the standardized tests in Florida took place in March (compared to mid-April in the 

last 2 years). 

Besides simple correlations, another parameter of interest is the relative ranking of each 

teacher under different sets of estimates. We are particularly interested in the different classification 

rates under the spring roster estimates at the tails of the value-added distribution as these “extreme” 

rankings typically carry ramifications such as performance bonuses or sanctions for teachers. Table 6 

cross-tabulates the spring roster quartiles and the teacher effectiveness quartiles under the other three 

cases. The teacher effectiveness quartiles under the spring roster quartiles and spring dosage quartiles 

are almost identical in both reading and math, with less than 1% of the teachers differently classified 

under the two estimates. Different classification rates increase up to 12% in reading, and 9% in math 

when we incorporate student exposure to multiple teachers since the beginning of the school year. 

Teacher classifications diverge significantly when we compare spring roster estimates with test year 

dosage estimates, with roughly one fourth of teachers classified differently under the two estimates. 

When we use the test year dosage estimates, 15 to 17% of teachers classified in the top and bottom 

quartiles under the spring roster estimates are classified differently.  

Tables 7 and 8 repeat the analysis reported in Tables 5 and 6, this time averaging annual scores 

over multiple years, which is common practice in many state teacher evaluation systems. In this 

exercise, we restrict the sample to teachers observed in all 4 years, which leaves us with 11,834 unique 

reading teachers and 10,014 unique math teachers. The results suggest that correlations in both 

subjects are comparable whether we use annual scores or scores averaged over multiple years. The only 

exception is that the correlations between the spring roster estimates and test year dosage estimates in 

math decline from 0.81 to 0.76 when we average value-added scores over multiple years. Similarly, 

different classification rates remain almost unchanged when we move from 1-year estimates (reported 

in Table 6) to value-added estimates averaged over 3 years (reported in Table 8).  
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4.1. An Alternative Approach 

Finally, we explore an alternative approach under our most restrictive informational setting and 

ask whether it provides a reasonable proxy for the test year dosage estimates. In this alternative, we 

include spring classrooms in the current and the previous year in the estimation. Because fall classrooms 

are not observed under this setting along with time spent in classrooms, we calculate dosage based on 

two assumptions. First, we assume that students equally split their subject-specific instruction time at 

the time of testing across classrooms. For instance, if a student is observed in two spring reading 

classrooms in the current year, we assume that he or she spends half of his or her instruction time in 

each classroom. Second, it is assumed that students spend their entire time in the same classrooms 

between the beginning of the school year and the test date. 

Tables 9 and 10 compare these modified spring roster (MSR) estimates with TYD estimates 

(scatter plots given in the last two panels of Figure A1). The results indicate significant improvement 

over SR estimates, with correlations in both subjects ranging from 0.974 to 0.988 in reading and 0.984 to 

0.992 in math. Different classification rates also decline considerably: only 7 to 8% of teachers in the top 

or bottom quartile under the MSR estimates are differently classified using the TYD estimates, with the 

overall different classification rates around 10 to 13%. This is in stark contrast to the different 

classification rates under the SR estimates, which range from 23 to 25% in reading and math.  

4.2. Subgroup Analysis 

Tables A1 and A2 break down the analysis into subgroups based on grade level in the first panel, 

by teacher experience in the second, by teacher education level in the third, and by classroom 

characteristics in the last column. The percentages reflect the ratio of teachers categorized in different 

quartiles under the two sets of value-added estimates under investigation, and the numbers in 

parentheses provide the 95% confidence intervals for correlations. The results suggest slightly higher 

different classification rates for middle school teachers in both reading and math, especially when 
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comparing SR quartiles with SD and SYD quartiles. For instance, approximately 11% of elementary 

reading teachers are classified differently under the SYD estimates compared to SR estimates, whereas 

that number is 13% for middle school reading teachers. This is primarily driven by higher rates of 

student exposure to multiple teachers in middle schools (as reported in Table 2).  

There seems to be no correlation between different classification rates and teacher experience 

and education level. The only exception is the first-year teachers who have significantly lower rates than 

others when comparing SR quartiles with TYD quartiles. The main reason behind this finding is that the 

TYD estimates of these teachers reflect only the regression-adjusted test scores of their current year 

students, in contrast to more experienced teachers who are also held accountable for the performance 

of their prior year students. Teachers who serve in high-poverty classrooms and classrooms with high 

concentrations of special education students have slightly higher different classification rates, especially 

when comparing SR quartiles with SD and SYD, due to the fact that these student groups are more likely 

to be exposed to multiple teachers either concurrently (for special education students) or successively 

(for FRPL eligible students).  

5. Conclusions and Policy Implications 

Teacher evaluations are increasingly tied to student learning, with teacher value-added 

becoming one of the key elements in many state educator evaluation reforms today. Given the 

significant role played by value-added scores in making high-stakes school human resources decisions, it 

is important to scrutinize whether methods and data typically used by researchers and state and local 

education agencies could truly support unbiased and fair assessments of individual teacher 

performance.  

In this study, we focus on the issue of correctly attributing student learning to multiple teachers 

to whom a student is exposed during a year. Because state standardized tests are often administered in 
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the spring, typically around March, a year of learning as measured by these tests spans 2 school years, 

with 2 to 3 months of the annual learning occurring at the end of the previous school year. This means 

that about one quarter to one third of student learning that takes place between test administrations 

should be attributed to students’ last year teachers.  

This is often ignored in research and practice. Researchers often rely on “self-contained” 

classrooms to circumvent the issue of student exposure to multiple teachers; practitioners, on the other 

hand, have used a “full roster” method to handle this issue (Hock & Isenberg, 2012). The full roster 

method can accommodate team teaching or other forms of shared instructional responsibility. It can 

also incorporate information about the fraction of a year that a student spent with each teacher using 

weights. The applications of the full roster method, however, often focus on multiple teachers in the 

current school year and ignore contributions by teachers in the spring of the last school year. 

Our study finds that ignoring previous school year teachers’ contributions has a sizeable impact 

on estimated value-added scores for teachers in the current school year. The correlations between 

value-added scores that took into account previous year teachers’ contributions and value-added scores 

that did not range between 0.81 and 0.91. The correlations of multiyear average value-added scores 

estimated using these two methods only change marginally. More important to making human 

resources decisions, such as teacher rewards and sanctions, we find that about one fourth of the 

teachers in the top and bottom quartile would be classified differently using the method that does not 

account for the previous year teachers’ contributions. Again, using multiple years of value-added scores 

does not improve the misclassification issue by much.  

It should be pointed out that the reported impact of value-added misattribution may overstate 

the problem. First, we assume that students learn at a constant pace between two test administrations. 

It is possible that student learning between March and May during the previous school year decays 

significantly over the summer and therefore it has less effect on student scores in the current year than 
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student learning that happens in the months immediately before the current year test. Second, we also 

assume that teaching and learning occur with constant intensity throughout the year. But the intensity 

of teaching and learning is probably less in the 2 or 3 months after last spring’s tests than it is in a similar 

amount of time immediately before the current year’s tests. Nevertheless, our findings suggest an area 

that has been overlooked in the value-added work so far.  

Our findings have important implications for researchers and practitioners alike. Even though 

the latest research studies (Chetty, Friedman, & Rockoff, 2014; Kane, McCaffrey, Miller, & Staiger, 2013) 

are able to demonstrate that a properly specified value-added model can almost entirely eliminate 

potential biases in value-added estimates due to teacher–student sorting (both on observed and 

unobserved student characteristics), the issue of longitudinal multiplicity is largely ignored. Our study 

presents evidence that biases due to measurement error in teacher–student links remain even in 

models that are correctly specified. Our evidence also suggests that findings from the existing research 

literature on teacher value-added are likely to suffer from ignoring longitudinal multiplicity, and 

therefore need to be revisited.19  

For practitioners, our findings point to the need for more sophisticated administrative data 

systems that collect detailed student roster information. The issue of value-added misattribution, 

especially misattribution that results from longitudinal multiplicity, could also be ameliorated by 

administering baseline tests at the beginning of each school year. Both options entail significant 

investment from local education agencies, the cost of which should be carefully weighed against the 

potential risks of making human resources decisions based on misattributed teacher value-added 

scores. For cases where both of these options are not feasible, we also present an alternative approach 

                                                 
19 As an example, earlier literature finds that teachers benefit from having highly effective peers (Jackson & 

Breugmann, 2009). In light of the findings reported here, it is possible that the reported relationship could at least be 

partially explained by misattributing a teacher’s colleagues’ (those who taught the same students at the end of the 

previous school year) contribution to student learning to the teacher.  
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that closely approximates teacher value-added scores that are estimated based on complete student 

enrollment and roster information.  
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Tables 
 
 

Table 1 
Teacher Characteristics 

 Elementary Middle 

 Reading Math Reading Math 

Experience      
0-2 years 0.166 0.167 0.181 0.182 

 (0.372) (0.373) (0.385) (0.386) 
3-5 years 0.215 0.216 0.218 0.211 

 (0.411) (0.412) (0.413) (0.408) 
6-12 years 0.330 0.332 0.329 0.323 

 (0.47) (0.471) (0.47) (0.468) 
13+ years 0.282 0.278 0.261 0.271 

 (0.45) (0.448) (0.439) (0.444) 
Advanced degree 0.361 0.354 0.392 0.362 

 (0.48) (0.478) (0.488) (0.48) 
Regular license 0.985 0.985 0.957 0.947 
 (0.121) (0.123) (0.203) (0.223) 
     
VA Score – Spring Roster -0.048 0.128 0.016 -0.061 
 (0.368) (0.488) (0.312) (0.425) 
VA Score – School Year Roster -0.051 0.134 0.028 -0.056 
 (0.371) (0.492) (0.313) (0.429) 
VA Score – Test Year Roster -0.023 -0.031 0.015 0.022 

 (0.293) (0.384) (0.245) (0.348) 
     

N 67,312 61,354 41,368 29,414 
Unique teacher 30,391 28,104 18,293 13,072 

Note: Standard deviations are given in parentheses. 
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Table 2 
Student Exposure to Multiple Teachers 

 All Elementary Middle 

Reading    

Multiple teachers in spring 28.37% 12.08% 38.84% 
Multiple teachers since fall start 34.17% 18.67% 44.13% 

Multiple teachers since prior test 97.73% 97.96% 97.42% 
Math    

Multiple teachers in spring 6.85% 4.57% 8.33% 
Multiple teachers since fall start 14.71% 11.79% 16.62% 

Multiple teachers since prior test 96.39% 97.48% 95.68% 
    

N 3,211,503 1,267,769 1,943,734 
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Table 3 
Student Characteristics 

 Elementary 

  Reading Math  

 

All 

Multiple 
Teachers in 

Spring 

Multiple 
Teachers Since 

Fall Start 

Multiple 
Teachers in 

Spring 

Multiple 
Teachers Since 

Fall Start 
Multiple Schools 
Since Fall Start 

Prior year reading 0.111 -0.071 -0.089 -0.072 -0.102 -0.260 
 (0.915) (0.983) (0.959) (1.072) (0.977) (0.883) 

Prior year math 0.102 -0.045 -0.085 -0.070 -0.123 -0.317 
 (0.929) (0.973) (0.96) (1.077) (0.99) (0.899) 

FRPL eligible 0.592 0.621 0.659 0.613 0.682 0.831 
 (0.491) (0.485) (0.474) (0.487) (0.466) (0.375) 

Special education 0.117 0.206 0.178 0.253 0.177 0.140 
 (0.322) (0.404) (0.383) (0.435) (0.382) (0.347) 

Limited English proficiency 0.049 0.033 0.029 0.082 0.067 0.067 
 (0.216) (0.178) (0.169) (0.274) (0.25) (0.251) 

Black 0.219 0.242 0.267 0.254 0.290 0.350 
 (0.414) (0.429) (0.442) (0.435) (0.454) (0.477) 

Hispanic 0.254 0.232 0.240 0.246 0.250 0.238 
 (0.435) (0.422) (0.427) (0.431) (0.433) (0.426) 

N 1,267,769 152,906 236,319 57,924 149,407 36,762 

 Middle 

Prior year reading 0.074 -0.334 -0.293 -0.418 -0.308 -0.360 
 (0.951) (0.908) (0.919) (1.038) (1.002) (0.92) 

Prior year math 0.086 -0.260 -0.232 -0.584 -0.402 -0.393 
 (0.936) (0.923) (0.93) (1.036) (1.013) (0.938) 

FRPL eligible 0.564 0.652 0.650 0.689 0.684 0.789 
 (0.496) (0.476) (0.477) (0.463) (0.465) (0.408) 

Special education 0.104 0.158 0.155 0.217 0.180 0.143 
 (0.305) (0.364) (0.361) (0.412) (0.384) (0.35) 
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(Table 3 continued) 

Limited English proficiency 0.034 0.021 0.020 0.063 0.054 0.051 
 (0.181) (0.145) (0.141) (0.242) (0.227) (0.22) 

Black 0.219 0.271 0.270 0.323 0.305 0.347 
 (0.413) (0.444) (0.444) (0.468) (0.46) (0.476) 

Hispanic 0.256 0.250 0.250 0.275 0.266 0.256 
 (0.436) (0.433) (0.433) (0.446) (0.442) (0.436) 

N 1,943,734 764,602 868,814 161,993 323,022 53,007 

Note: Standard deviations are given in parentheses. 
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Table 4 
Critical Dates 

 Fall semester 
begins 

October survey 
date 

February survey 
date Test date 

Spring semester 
ends 

2007-08 August 20-24, 
2007 

October 8-12, 
2007 

February 4-8, 
2007 

March 12-25, 
2008 

May 29-June 12, 
2008  

2008-09 August 18-22, 
2008 

October 13-17, 
2008 

February 9-13, 
2008 

March 10-23, 
2009 

May 28-June 11, 
2009 

2009-10 August 10-27, 
2009 

October 12-16, 
2009 

February 8-12, 
2009 

March 9-19, 
2010 

May 21-June 15, 
2010  

2010-11 August 5-26, 
2010 

October 11-15, 
2010 

February 7-11, 
2011 

April 11-22, 
2011 

May 19-June 10, 
2011  

2011-12 August 8-25, 
2011 

October 10-14, 
2011 

February 13-17, 
2012 

April 16-27, 
2012 

May 24-June 8, 
2012  
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Table 5 
Correlations Between Spring Roster Estimates and the Alternatives 

Annual Scores 

 Reading 

 Spring Dosages School Year Dosages Test Year Dosages 

G1 0.998 0.982 0.866 
 (0.998, 0.998) (0.982, 0.982) (0.864, 0.867) 

G2 0.998 0.983 0.866 
 (0.998, 0.998) (0.982, 0.983) (0.865, 0.868) 

G3 0.998 0.980 0.862 
 (0.998, 0.998) (0.980, 0.980) (0.860, 0.863) 

G4 0.998 0.976 0.865 
 (0.998, 0.998) (0.976, 0.977) (0.863, 0.866) 

G5 0.998 0.972 0.891 
 (0.998, 0.998) (0.972, 0.972) (0.890, 0.893) 

L1 0.998 0.973 0.911 
 (0.998, 0.998) (0.972, 0.973) (0.910, 0.912) 

L2 0.998 0.974 0.892 
 (0.998, 0.998) (0.974, 0.975) (0.891, 0.894) 

L3 0.997 0.969 0.859 
 (0.997, 0.997) (0.968, 0.969) (0.857, 0.860) 

L4 0.998 0.963 0.876 
 (0.998, 0.998) (0.963, 0.964) (0.874, 0.878) 

 Math 

G1 0.999 0.976 0.812 
 (0.999, 0.999) (0.976, 0.977) (0.810, 0.815) 

G2 0.999 0.976 0.809 
 (0.999, 0.999) (0.976, 0.976) (0.807, 0.812) 

G3 0.999 0.976 0.817 
 (0.999, 0.999) (0.976, 0.977) (0.815, 0.819) 

G4 0.999 0.976 0.813 
 (0.999, 0.999) (0.976, 0.977) (0.811, 0.815) 

G5 0.999 0.972 0.820 
 (0.999, 0.999) (0.971, 0.972) (0.817, 0.823) 



32 

 

L1 0.999 0.977 0.870 
 (0.999, 0.999) (0.977, 0.978) (0.868, 0.871) 

L2 0.999 0.977 0.861 
 (0.999, 0.999) (0.977, 0.977) (0.859, 0.863) 

L3 0.999 0.972 0.828 
 (0.999, 0.999) (0.972, 0.972) (0.826, 0.830) 

L4 0.999 0.965 0.820 
 (0.999, 0.999) (0.964, 0.966) (0.817, 0.822) 

Note: 95% confidence intervals for Pearson's product-moment correlation based on Fisher's transformation are given in parentheses. 
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Table 6 
Spring Roster Quartiles Versus the Alternatives 

Annual Estimates 

Reading 

 Spring Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 98.86% 1.14% 0.00% 0.00% 1.14% 

II 1.13% 97.25% 1.60% 0.02% 2.75% 
III 0.01% 1.60% 97.20% 1.12% 2.73% 
IV 0.00% 0.00% 1.20% 98.79% 1.20% 

 School Year Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 92.58% 7.13% 0.22% 0.07% 7.42% 

II 7.21% 83.44% 9.16% 0.18% 16.56% 
III 0.17% 9.14% 83.43% 7.26% 16.57% 
IV 0.04% 0.29% 7.18% 92.49% 7.51% 

 Test Year Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 82.80% 15.04% 1.56% 0.60% 17.20% 

II 15.22% 65.78% 17.93% 1.07% 34.22% 
III 1.13% 17.45% 65.40% 16.02% 34.60% 
IV 0.85% 1.73% 15.11% 82.31% 17.69% 

Math 

 Spring Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 99.53% 0.47% 0.00% 0.00% 0.47% 

II 0.46% 99.01% 0.52% 0.00% 0.99% 
III 0.00% 0.52% 99.05% 0.42% 0.95% 
IV 0.00% 0.00% 0.43% 99.57% 0.43% 

 School Year Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 94.45% 5.41% 0.13% 0.01% 5.55% 

II 5.39% 87.81% 6.72% 0.07% 12.19% 
III 0.11% 6.64% 88.20% 5.04% 11.80% 
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IV 0.05% 0.13% 4.95% 94.88% 5.12% 

 Test Year Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 84.33% 13.88% 1.30% 0.49% 15.67% 

II 14.37% 68.58% 16.20% 0.84% 31.42% 
III 0.84% 16.21% 68.67% 14.29% 31.33% 
IV 0.47% 1.32% 13.84% 84.37% 15.63% 

Note: The numbers given in columns 2–5 present the percentages of teachers in the corresponding quartiles using the Spring Roster and the 
corresponding alternative. The last column provides the percentages of teachers who fall in a different quartile under the alternative for each 
spring roster quartile. 
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Table 7 
Correlations Between Spring Roster Estimates and the Alternatives 

Multiyear Scores Using Model G4 

 Reading 

 Spring Dosages School Year Dosages Test Year Dosages 

One Year 0.998 0.974 0.890 
 (0.998, 0.998) (0.973, 0.974) (0.888, 0.892) 

Two Years 0.997 0.972 0.895 
 (0.997, 0.997) (0.972, 0.973) (0.893, 0.897) 

Three Years 0.997 0.973 0.903 
 (0.997, 0.997) (0.972, 0.973) (0.901, 0.905) 

Four Years 0.997 0.970 0.909 
 (0.997, 0.997) (0.969, 0.971) (0.906, 0.912) 

 Math 

One Year 0.999 0.975 0.809 
 (0.999, 0.999) (0.974, 0.975) (0.806, 0.813) 

Two Years 0.999 0.974 0.789 
 (0.999, 0.999) (0.973, 0.974) (0.784, 0.793) 

Three Years 0.999 0.975 0.776 
 (0.999, 0.999) (0.974, 0.976) (0.770, 0.782)  

Four Years 0.999 0.974 0.760 
 (0.999, 0.999) (0.973, 0.975) (0.751, 0.768) 

Note: 95% confidence intervals for Pearson's product-moment correlation based on Fisher's transformation are given in parentheses. 
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Table 8 
Spring Roster Quartiles in Reading Versus the Alternatives 

Three-Year Averages 

Reading 

 Spring Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 98.48% 1.52% 0.00% 0.00% 1.52% 

II 1.52% 96.71% 1.77% 0.00% 3.29% 
III 0.00% 1.77% 96.83% 1.40% 3.17% 
IV 0.00% 0.00% 1.40% 98.60% 1.40% 

 School Year Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 92.47% 7.46% 0.03% 0.03% 8.53% 

II 7.42% 82.79% 9.76% 0.03% 17.21% 
III 0.12% 9.67% 83.54% 6.67% 16.46% 
IV 0.00% 0.07% 6.67% 93.26% 6.74% 

 Test Year Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 80.93% 17.49% 1.42% 0.17% 19.07% 

II 17.25% 59.59% 21.99% 1.17% 40.41% 
III 1.50% 21.36% 59.73% 17.41% 40.27% 
IV 0.34% 1.54% 16.88% 81.24% 19.76% 

Math 

 Spring Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 99.43% 0.57% 0.00% 0.00% 0.57% 

II 0.57% 98.60% 0.83% 0.00% 1.40% 
III 0.00% 0.83% 98.66% 0.51% 1.34% 
IV 0.00% 0.00% 0.51% 99.49% 0.51% 

 School Year Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 94.34% 5.64% 0.02% 0.00% 5.66% 

II 5.67% 87.68% 6.63% 0.02% 12.32% 
III 0.00% 6.64% 88.40% 4.96% 11.60% 
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IV 0.00% 0.02% 4.96% 95.02% 4.98% 

 Test Year Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 83.35% 15.72% 0.93% 0.00% 16.65% 

II 15.58% 64.74% 18.93% 0.75% 35.26% 
III 0.93% 18.67% 64.61% 15.79% 35.39% 
IV 0.16% 0.83% 15.56% 83.45% 16.55% 

Note: The numbers given in columns 2–5 present the percentages of teachers in the corresponding quartiles using the Spring Roster and the 
corresponding alternative. The last column provides the percentages of teachers who fall in a different quartile under the alternative for each 
spring roster quartile.  
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Table 9 
Correlations Between Modified Spring Roster and Test Year Dosage Estimates 

Annual Scores  

 Reading Math 

G1 0.980 0.987 
 (0.980, 0.980) (0.987, 0.987) 

G2 0.980 0.987 
 (0.980, 0.980) (0.987, 0.987) 

G3 0.978 0.986 
 (0.978, 0.978) (0.986, 0.987) 

G4 0.979 0.987 
 (0.978, 0.979) (0.987, 0.987) 

G5 0.980 0.989 
 (0.980, 0.980) (0.989, 0.989) 

L1 0.988 0.992 
 (0.987, 0.988) (0.991, 0.992) 

L2 0.984 0.990 
 (0.984, 0.984) (0.990, 0.990) 

L3 0.974 0.984 
 (0.973, 0.974) (0.984, 0.984) 

L4 0.978 0.986 
 (0.977, 0.978) (0.986, 0.987) 

Note: 95% confidence intervals for Pearson's product-moment correlation based on Fisher's transformation are given in parentheses. 
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Table 10 
Modified Spring Roster Versus Test Year Dosage Quartiles 

Annual Estimates 

Reading 

 Spring Dosage Quartile Overall  

Spring Roster Quartile I II III IV  
I 91.78% 7.80% 0.35% 0.07% 8.22% 

II 7.84% 82.28% 9.60% 0.27% 17.72% 
III 0.31% 9.53% 82.29% 7.87% 17.71% 
IV 0.07% 0.38% 7.77% 91.78% 8.22% 

Math 

 Spring Dosage Quartile Overall 

Spring Roster Quartile I II III IV  
I 93.45% 6.35% 0.17% 0.04% 6.55% 

II 6.33% 85.63% 7.87% 0.16% 14.37% 
III 0.20% 7.81% 85.81% 6.17% 14.19% 
IV 0.03% 0.20% 6.15% 93.63% 6.27% 

Note: The numbers given in columns 2–5 present the percentages of teachers in the corresponding quartiles using the modified Spring Roster 
and test year dosage estimates. The last column provides the percentages of teachers who fall in different quartiles under the two sets of 
estimates. 
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Figures 

Figure 1 
Distribution of Spring Dosages by Subject and Grade Level 

A. Elementary Reading 

 

B. Elementary Math 

 
C. Middle School Reading 

 

D. Middle School Math 
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Figure 2 
Distribution of School Year Dosages by Subject and Grade Level 

A. Elementary Reading 

 

B. Elementary Math 

 
C. Middle School Reading 

 

D. Middle School Math 
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Figure 3 
Distribution of Test Year Dosages by Subject and Grade Level 

A. Elementary Reading 

 

B. Elementary Math 

 
C. Middle School Reading 

 

D. Middle School Math 
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Appendix A 
Figure A1 

Annual Value-Added Scores: Scatter Plots 

A. Spring Roster Versus Spring Dosage Estimates - Reading 

 

B. Spring Roster Versus Spring Dosage Estimates – Math 

 
C. Spring Roster Versus School Year Dosage Estimates – Reading 

 

D. Spring Roster Versus School Year Dosage Estimates – Math 
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(Figure A1 continued) 

E. Spring Roster Versus Test Year Dosage Estimates –       Reading 

 

F. Spring Roster Versus Test Year Dosage Estimates –  
Math 

 

 
G. Modified Spring Roster Versus Test Year Dosage Estimates – 

Reading 

 

H. Modified Spring Roster Versus Test Year Dosage Estimates – 
Math 
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Table A1 
Subgroup Analysis  

Different Classification Rates and Correlations Between Different Estimates in Reading 

 SR vs. SD SR vs. SYD SR vs. TYD MSR vs. TYD 

Grade Level     
Elementary 1.85% 11.14% 26.12% 11.98% 

 (0.999, 0.999) (0.984, 0.985) (0.852, 0.856) (0.988, 0.989) 
Middle 2.12% 13.36% 25.78% 14.54% 

 (0.999, 0.999) (0.984, 0.985) (0.722, 0.748) (0.984, 0.985) 

Experience     
First Year 1.68% 12.32% 16.88% 12.81% 

 (0.999, 0.999) (0.978, 0.981) (0.970, 0.974) (0.989, 0.990) 
1-3 Years 1.91% 12.93% 26.12% 13.36% 

 (0.999, 0.999) (0.983, 0.984) (0.800, 0.817) (0.984, 0.985) 
3-5 Years 2.09% 12.39% 26.99% 13.07% 

 (0.999, 0.999) (0.981, 0.983) (0.829, 0.841) (0.987, 0.988) 
6-12 Years 1.98% 11.73% 26.12% 12.95% 

 (0.999, 0.999) (0.985, 0.986) (0.823, 0.831) (0.987, 0.988) 
13 Years and Over 1.93% 11.52% 26.65% 12.59% 

 (0.999, 0.999) (0.980, 0.981) (0.844, 0.852) (0.988, 0.988) 

Education Level     
Advanced Degree 1.94% 11.79% 26.01% 12.84% 

 (0.999, 0.999) (0.981, 0.982) (0.824, 0.833) (0.987, 0.988) 
No Advanced Degree 1.96% 12.11% 25.98% 13.02% 

 (0.999, 0.999) (0.983, 0.984) (0.842, 0.847) (0.987, 0.988) 

Classroom Characteristics     
<30% FRPL Eligible 1.57% 9.29% 25.12% 9.62% 

 (0.999, 0.999) (0.987, 0.988) (0.867, 0.877) (0.993, 0.993) 
>70% FRPL Eligible 2.19% 13.65% 26.26% 14.66% 

 (0.999, 0.999) (0.981, 0.982) (0.826, 0.834) (0.985, 0.986) 
<5% Special Ed 1.15% 10.59% 24.78% 11.81% 

 (0.999, 0.999) (0.986, 0.987) (0.871, 0.877) (0.990, 0.990) 
>30% Special Ed 3.58% 15.25% 28.10% 17.54% 

 (0.999, 0.999) (0.981, 0.982) (0.826, 0.834) (0.980, 0.982) 

Note: The percentages reflect the percentage of teachers categorized in different quartiles under the 
corresponding two estimate sets. 95% confidence intervals for Pearson's product-moment correlation 
based on Fisher's transformation are given in parentheses. Spring Roster estimates are compared with 
spring dosage estimates in the first column, with school year dosage estimates in the second, and with 
the test year dosage estimates in the third. The last column compares modified Spring Roster estimates 
with test year dosage estimates in reading.   
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Table A2 
Subgroup Analysis  

Different Classification Rates and Correlations Between Different Estimates in Math 

 SR vs. SD SR vs. SYD SR vs. TYD MSR vs. TYD 

Grade Level     
Elementary 0.63% 8.29% 24.29% 9.90% 

 (0.999, 0.999) (0.988, 0.988) (0.881, 0.885) (0.988, 0.989) 
Middle 0.86% 9.41% 21.90% 11.12% 

 (0.999, 0.999) (0.990, 0.990) (0.868, 0.873) (0.984, 0.985) 

Experience     
First Year 0.63% 8.70% 16.33% 10.75% 

 (0.999, 0.999) (0.975, 0.977) (0.888, 0.899) (0.989, 0.990) 
1-3 Years 0.80% 8.97% 23.93% 10.28% 

 (0.999, 0.999) (0.971, 0.974) (0.775, 0.790) (0.984, 0.985) 
3-5 Years 0.81% 9.12% 23.98% 10.52% 

 (0.999, 0.999) (0.977, 0.979) (0.797, 0.810) (0.987, 0.988) 
6-12 Years 0.68% 8.62% 23.82% 10.38% 

 (0.999, 0.999) (0.979, 0.980) (0.797, 0.805) (0.987, 0.988) 
13 Years and Over 0.71% 8.23% 24.06% 9.94% 

 (0.999, 0.999) (0.977, 0.978) (0.806, 0.815) (0.988, 0.988) 

Education Level     
Advanced Degree 0.74% 8.78% 23.79% 10.41% 

 (0.999, 0.999) (0.978, 0.979) (0.800, 0.808) (0.987, 0.988) 
No Advanced Degree 0.69% 8.58% 23.37% 10.24% 

 (0.999, 0.999) (0.977, 0.978) (0.854, 0.858) (0.987, 0.988) 

Classroom Characteristics     
<30% FRPL Eligible 0.66% 6.90% 23.31% 8.83% 

 (0.999, 0.999) (0.976, 0.977) (0.819, 0.829) (0.993, 0.993) 
>70% FRPL Eligible 0.71% 9.93% 23.59% 11.57% 

 (0.999, 0.999) (0.979, 0.980) (0.806, 0.813) (0.985, 0.986) 
<5% Special Ed 0.59% 8.14% 22.81% 9.78% 

 (0.999, 0.999) (0.976, 0.978) (0.824, 0.832) (0.990, 0.990) 
>30% Special Ed 1.63% 11.90% 25.66% 14.69% 

 (0.989, 0.989) (0.981, 0.982) (0.810, 0.824) (0.980, 0.982) 

Note: The percentages reflect the percentage of teachers categorized in different quartiles under the 
corresponding two estimate sets. 95% confidence intervals for Pearson's product-moment correlation 
based on Fisher's transformation are given in parentheses. Spring Roster estimates are compared with 
spring dosage estimates in the first column, with school year dosage estimates in the second, and with 
the test year dosage estimates in the third. The last column compares modified Spring Roster estimates 
with test year dosage estimates in math. 
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