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The term value-added modeling (VAM) comes from the economic literature on the 
estimation of the contribution of current inputs to outputs after accounting for prior inputs. In the 
education literature, VAM refers to efforts to measure the effects on student achievement of 
students’ current teachers and schools separate from other inputs. More broadly, the phrase is 
often used to describe any analysis using longitudinal student test score data to study the effects 
of educational inputs on achievement. The term is also often associated specifically with the 
analysis of sources of variation in student growth in achievement, although as demonstrated 
below, the current VAM approaches go far beyond straightforward analysis of simple gain scores 
(current year less prior year test scores). 

While the origins of V AM of teacher effects date back over 30 years (Hanushek, 1972; 
Murnane, 1975), interest in these methods among researchers, policy makers, and educators grew 
precipitously following the publication of a technical report by William Sanders and June Rivers 
in 1996 that found teacher effects estimated using student test score gains predict student 
outcomes at least two years into the future, suggesting that teachers have persistent effects on 
their students’ achievement and the accumulation of these effects could be substantial. The 
following year, Sanders and his colleagues published another paper claiming that teachers are the 
most important source of variance in student achievement. Interest in V AM was further stoked 
by replication of the Sanders and Rivers results (Mendro et al., 1998; Rivers, 1999) and several 
other papers finding that the variability among teachers was large and that value-added estimates 
of teacher effects predict teachers’ future students’ outcomes (Aaronson, Barrow and Sander, 
2007; Gordon, Kane and Staiger, 2006; Harris and Sass, 2005; Lockwood et al., 2007a; Nye, 
Konstantopoulos, and Hedges, 2004; Rivkin, Hanushek and Kain, 2005; Rowan, Correnti and 
Miller, 2002). The growing availability of student achievement data due to increased emphasis 
on test-based accountability and the passage of the No Child Left Behind Act in 2001 led to 
explosive growth in empirical research on the effects of teachers on student outcomes and value- 
added methods in the last five years. 

Value-added models have been proposed for four main purposes:  (1) school and teacher 
improvement, (2) school and teacher accountability, (3) program evaluation, and (4) research.  
Harris (forthcoming) combined the first two purposes into what he calls value-added modeling 
for accountability (V AM-A) and examples include programs in Ohio, Tennessee, Dallas and 
New York City that estimate individual teacher effects for diagnostic purposes and increased use 
of these estimates for high-stakes decisions such as teacher pay, including programs in Nashville, 
Florida, Houston, and other locations. Harris calls the latter activities (program evaluation and 
research) value-added modeling for program evaluation (VAM-P) and examples  include 
assessment of classroom practices in mathematics and science and studies on teacher attributes 
such as National Board of Professional Teacher Standards certification (National Research 
Council, 2008).   

 
Analytic Challenges for VAM 

 
Although often tacit, the goal of value-added modeling is to make what quantitative 

researchers refer to as causal inferences or to estimate causal effects.  The causal effect measures 
the change in outcomes caused by an intervention or other agent such as a teacher or school.  In 
VAM, the goal is to determine how students’ learning and achievement differ having been in 
their assigned school or teacher’s classroom or participated in a program rather than being taught 
in an alternative school, by an alternative teacher or not participating in the program.  Although 
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causal estimation is a common goal in social science, what sets VAM apart from many other 
applications is the use of longitudinal student achievement data to make its causal estimates.  
VAM purports to overcome the challenges of causal estimation by using repeated measures of 
student achievement to account for student, family and prior educational inputs into education. 

Causal estimation requires the estimation of counterfactual quantities such as the 
expected outcomes for students taught by teacher A had they been taught by teacher B and vice 
versa.  The challenge for estimating causal effects via observational data is ensuring that groups 
receiving different educational inputs provide estimates of these counterfactual quantities that are 
not confounded by pre-existing differences between groups.  This challenge is particularly 
pronounced for VAM because different schools and classrooms often serve very different student  
populations and programs are typically targeted at particular groups of students.  The challenge 
for VAM is then to remove these differences via use of multiple achievement tests. In the 
language of Campbell and his colleagues (Shadish, Cook, and Campbell, 2002), VAM must 
ensure the internal validity of the quasi-experiment by using longitudinal data. 

The challenges of causal estimation are even greater for VAM-A applications because 
educators and the public are highly aware of the differences among schools in the student 
populations in terms of family and neighborhood backgrounds and that these inputs are strong 
correlates of student achievement and account for much of the variability in student achievement.  
VAM-A estimates will be heavily scrutinized for evidence that they do indeed level the playing 
field for schools and teachers, and any evidence that they fail to do so could erode their 
acceptance by educators, destroy their face-validity, and limit their utility for motivating 
improvements in education via accountability or performance-based pay.   

Beyond the challenges of removing potential confounds to ensure internal validity, VAM 
also faces the challenge of construct validity.  Educational inputs are generally conflated so that a 
classroom of students might receive inputs from the school, the principal, the teacher, other 
teachers in the school, the community, other students within the classroom, and potentially other 
sources.  Similarly, teachers participating in different interventions or programs or with different 
credentials and qualifications tend to differ on multiple dimensions that might influence student 
learning. Teasing apart this multitude of inputs is likely to be impossible (Raudenbush and 
Wilms, 1995). Hence even if estimates are made from classrooms or schools serving identical 
populations, the interpretation of the resulting causal effects is likely to be difficult. In fact, even 
defining causal effects of interest can be challenging: what teacher effects should be estimated if 
teacher effectiveness is determined in part by school leadership?  

A related challenge for estimating value-added for schools is determining whether the 
causal effect of interest is annual or cumulative and how to estimate cumulative effects when 
students might not have data prior to entering the school, as is the case in elementary schools. 

For VAM to be useful, the estimates must not only be unbiased but also precise.  In 
VAM-A, applications estimates from year to year must also be reasonably stable.  Instability will 
erode face-validity because most researchers and education practitioners will expect that true 
teacher performance will change gradually over time rather than display huge swings from year 
to year.  Moreover, if estimates are unstable, they cannot be used to guide or motivate 
appropriate changes in future behavior through evaluation or compensation incentives. 

A final challenge for VAM-A is to balance the need for analytic complexity to achieve 
accurate estimation against the reality that a goal of accountability is to provide educators with 
signals about what is considered good performance and whether they have achieved such 
performance, as well as to motivate lower-performing individuals to change their behavior to 
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improve their effectiveness. There is general agreement that highly complex statistical 
procedures are difficult for educators to understand and concern that the use of such procedures 
to achieve accurate estimates might limit the utility of V AM.  Accepting less accuracy for more 
transparency in the estimation methods might actually improve the functioning of VAM-based 
accountability or compensation systems, but how to achieve the correct balance remains 
unknown. 
 

Analytic Approaches to VAM 
 
Current approaches to VAM grew out of three distinct traditions:  statistics, economics, and ad 
hoc methods.    

Ad hoc Methods 
 
Ad hoc methods are typically developed by individual schools, school districts, or states for their 
particular needs for VAM-A.  These measures might share features with methods from the other 
traditions but they also might include nonstandard analytic procedures or combine standard 
measures with other empirical evaluations.  For example, one school district is using average 
percentage gains in achievement to evaluate school performance for compensating principals 
because the measure places greater value on lower-performing students. Another district is 
measuring school performance by combining value-added measures with the percentage of 
students who graduate from high school. 
 The use of ad hoc methods appears to be motivated by the desire to provide measures that 
offer strong signals to teachers about expected performance.  Educators may also accept  ad hoc 
measures because they appear trustworthy and transparent (i.e., they seem to measure what they 
are supposed to measure).  The statistical properties of these measures are rarely considered and 
may be extremely difficult to assess. 
 

Statistical Methods 
Statistical models provide a description of repeated measures of student achievement that 
captures the important statistical features of the data such as the average growth across students, 
variance around the average, and correlation among scores that share common features such as 
scores from the same students or scores from different students who share or have shared a 
classroom or school.   
 The models describe the correlation among students who share or shared common 
classrooms by assuming that achievement test scores can be decomposed into additive random 
components associated with each classroom or school (current or prior) and residual terms that 
depend on the student and the year of testing.  For example, letting Ait denote a student’s 
achievement in a given subject area (e.g., mathematics) at time t, a simple representation of a 
statistical model is 
 
 Ait = µt + θtt + θtt-1 + … + θt1 + εt        (1) 
 
where µt equals the mean or average for all students at this time, θtt equals a random variable that 
is common to all students who share the student’s classroom at time t, θtt-1 equals a random 
variable that common to all students who shared the student’s classroom at time t-1, etc., and εt 
denotes a residual error term describing how the student’s score at time t deviates from the 
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average of all other students and all other students who share his or her history of classroom 
assignments.  It also describes how the student’s achievement at time t deviates from his or her 
achievement in other years.   
  Analysts have taken multiple approaches to modeling the components for prior year 
classroom or school membership (θtt-1 to θt1 in model (1)).  Some analysts (Sanders, Saxton, and 
Horn, 1997, Raudenbush and Bryk, 2002) assume these components do not change over time so 
that the component for fourth grade classroom membership on fourth grade scores is that same as 
it is on fifth, sixth, seventh, and all future grade scores.  The fourth grade classroom leaves an 
indelible mark on student achievement test scores that persists unchanged through the remaining 
years of testing.  McCaffrey et al. (2004) and Lockwood et al. (2007a) allow for the effect to 
diminish over time by a constant that depends on the year of testing and the year of the 
classroom or school membership but which does not differ across students.  Recently, Mariano, 
McCaffrey, and Lockwood (2008), extended this model further to allow the components to be 
distinct but correlated random variables. 
 A key feature of the statistical models is the correlation of the residual error terms, εt in 
model (1), from repeated measures on the same student.  Some analysts (Sanders, Saxton, and 
Horn, 1997, McCaffrey et al., 2004, Lockwood and McCaffrey, 2007) make no assumptions 
about the correlation across years, e.g., a student’s seventh and eighth grade scores are correlated 
but the model does not assume a particular structure for the correlation.  Other researchers 
(Raudenbush and Bryk, 2002) assume more structure among the residual errors by describing 
their growth as a direct function of time (e.g., achievement grows linearly with time and the 
intercept and slope are specific to the student and vary randomly across students).  Regardless of 
the assumptions for the structure of the correlation, the correlation among the error terms is the 
feature of the statistical model that leads to an adjustment for students’ prior achievement when 
estimating the current year school, teacher or classroom effect. 
 
Statistical Models and Causal Effects 
 
 An important characteristic of the statistical models is that they are descriptive.  They are 
not structural and make no explicit attempt to relate to counterfactuals needed for causal 
inferences.  The components for classrooms or schools are random variables meant to capture 
commonalities among scores for students who shared a school or classroom.  Many sources can 
contribute to these components, including not only teachers or schools, but also all the other 
schooling and non-schooling factors that might be unique to this classroom (school) and 
common among the students.  However, even though the models are not explicitly causal, using 
them to assess teachers and schools implicitly treats them as causal effects. 
 The descriptive models will be causal models under unrealistic assumptions that students 
are effectively randomly assigned to classrooms (schools), so that none of the commonality in 
scores from students who share classrooms (schools) is due to disproportionate allocation of 
students with certain characteristics to different classrooms (schools).  This assumption is clearly 
not true in the vast majority of schools and school districts in our country and hence it cannot be 
used to support a causal interpretation of the estimates from the statistical models.  
 Lockwood and McCaffrey (2007), however, establish more realistic conditions under 
which the estimates of the classroom components from these descriptive statistical models will 
recover nearly unbiased estimates of the causal effects of the classroom.  Roughly speaking, the 
conditions require a large number of tests and that student-level factors that are associated with 
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classroom assignment can be fully described by low-dimensional latent variables.  For instance, 
suppose that students have a latent general level of achievement, i.e., some students generally 
score high every year and other students score lower every year.  Furthermore, suppose that 
classroom assignment depends on this general level of achievement but not on other student-
level factors, then the assumptions of Lockwood and McCaffrey (2007) would be met.  If, on the 
other hand, classroom assignment depends on this general level of achievement and other factors 
such as performance on any particular test or classroom behavior during the prior school year, 
then the assumptions of Lockwood and McCaffrey (2007) would not be met.  Through 
simulations, Lockwood and McCaffrey (2007) show that with as few as roughly 5 test scores, the 
statistical models could provide estimates of causal effects that have very limited bias due to 
student assignments.  Their results also apply to VAM-P applications provided that at least some 
individual students are assigned to the program of interest in some years and the control in 
others; this switching of “treatment” status over time is also the essential identification strategy 
of standard econometric approaches to VAM-P using longitudinal achievement data. 
 Even if the assumptions of Lockwood and McCaffrey (2007) are met, the causal effects of 
the classroom (school) assignment are not necessarily a causal effect of the teacher.  As 
discussed previously, many factors vary by classroom and which ones contribute to student 
learning remains unknown.  Some of these factors might be related to the context of the 
neighborhood and local involvement in the school and classroom. Others could be other 
schooling factors or complex interactions between the teacher and the context that may or may 
not be related to the causal effect of the teacher or the causal effect of interest.  Statistical models 
make no efforts to untangle these varied inputs and effects can have a particular causal 
interpretation only under the assumption that other inputs have at most very weak effects. 
 The properties of the estimates of statistical models have generally been assessed by 
simulation studies, like those described above, in which estimates from a statistical model are 
compared to the true values under varying assumptions about the data and their relationship to a 
causal model. Another approach to evaluating the methods has been to study estimated effects 
from alternative models to see how they compare and how they relate to student background 
characteristics aggregated to the classroom level.  
 These studies have tended to find mixed results.  As noted above, Lockwood and 
McCaffrey (2007) created some scenarios where the estimates recovered the causal effects in 
their simulated data.  However, McCaffrey et al. (2004) created scenarios where this did not 
occur.  In the latter scenarios, classrooms were stratified such that there were disjoint 
subpopulations of classrooms and students in which none of the students in one stratum ever 
shared a classroom with any of the students in other strata.  In this situation the statistical models 
cannot recover causal effects if student growth differs on average by stratum.  Recent work by 
McCaffrey, Sass, and Lockwood (2008) showed that economic models are also potentially 
biased by stratification but stratification appeared to be a very limited problem in large urban 
school districts in Florida, so this source of bias might be inconsequential in practice.   
 Authors have found that estimated classroom  effects (or what they call “teacher effects”) 
are sensitive to the specification of prior year classroom components in achievement scores from 
subsequent years of testing.  For example, the correlation of estimates from models that assume 
perfect persistence of these components and those that allow them to degrade is about .8 in 
empirical comparisons made by Lockwood et al. (2007a).   
 In addition, studies have found somewhat mixed results from relating estimates to 
aggregated student characteristics.  Sanders (2006) reports weak correlation with demographics.  
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McCaffrey, Han and Lockwood (2008) also found weak correlation, but comparisons across 
many alternative VAM procedures suggest that estimates of classroom (or teacher) value-added 
from the statistical models estimated with data on Nashville middle school mathematics teachers 
might be favoring teachers of classes with students who tended to be higher-achieving prior to 
entering the teachers’ classrooms. 
 The statistical models that have been used in practice have tended not to include student- 
level covariates such as race or socio-economic status measures.  One argument for excluding 
covariates from models is that including them might imply different expectations for students of 
different socio-demographic or other groups. However, there are also technical challenges to 
including such variables in the model.  The decision to exclude them from the models has been 
criticized by researchers and practitioners, which resulted in an empirical investigation of the 
effects of including these variables in the models.  That study (Ballou, Sanders, and Wright, , 
2004) developed a method for including student-level covariates in the models that avoided the 
technical problems and found that their inclusion had no appreciable effect on estimates of 
classroom effects.  Attempts to expand the methods to include classroom-level variables resulted 
in unstable estimates (Ballou, 2005).  In general, statistical models cannot yield causal estimates 
that remove the effects of classroom-level variables. 
 

Economic Models 
 

The econometric modeling approach to VAM emerged out of the cumulative 
achievement model. The models start with a general education production function for student 
achievement: 

 
Ait = At[Fi(t), Ei(t), μi0, εit]         (2) 
 

where Ait, the achievement level for individual i at the end of his or her tth year of schooling, 
depends on the cumulative achievement function At and inputs: the entire input histories of 
family (including neighborhood) and school-based educational inputs, Fi(t) and Ei(t), 
respectively, a composite variable representing time-invariant characteristics an individual is 
endowed with at birth (such as innate ability), μi0, and a normally distributed, mean-zero error, 
εit. 

Economists make a series of assumptions to specify the production function model (2) in 
a form that supports estimation of teacher effects using established estimators. In particular, they 
assume that: the cumulative achievement function At does not depend on age and is additively 
separable; family inputs are time-invariant and can be combined into a single term with student 
inputs; educational inputs can be separated into additive annual contributions of schools, 
teachers, peers and other classroom inputs.  Without further assumptions, estimation of the 
value-added of the current teacher would require data on the school, teacher, peer, and classroom 
inputs for each student’s current and entire prior schooling experience. Because these data do not 
exist, economists typically assume that all educational inputs decay geometrically at a rate λ and 
that family inputs change at that same rate. These assumptions lead to the model: 

 
Ait = γsSit + γTTit + γpPit + γcZit + ϕi + λAit-1 +ξit,     (3) 
 

where Tit denotes teacher inputs and can be a single factor for a teacher effect,  Sit, Pit, Zit denote 
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school, peer and other classroom inputs, ϕi is the fixed contribution of student and their family, 
and the error term is ξit = εit - λεit-1. This fixed student-family contribution includes all the 
unobservable characteristics of the student and family (including community context) that  
contribute to achievement and are stable across time. A final assumption that λ =1 leads to 
circumstances where a linear model for the first differences in achievement (gain scores) yields 
consistent estimators of certain effects, including those of the current teachers. The model 
parameters are estimated using least squares with indicators for students and teacher (i.e., student 
and teacher fixed effects) and other variables in the model.  Todd and Wolpin (2003) and Harris 
and Sass (2005) provide detail derivation of this model and the assumptions required to achieve 
model (3). 

There are applications that use this model for both VAM-A and V AM-P. Because λ is 
unknown, applications commonly assume λ = 1; however, some applications have used λ = 0 
which then results in fixed effects analysis on level scores rather than gain scores.  In other 
applications, λ is estimated by including the lagged scores as a predictor in a linear regression 
model. Some of these applications have treated ϕi as zero and some have attempted to estimate 
both λ and the student coefficients while accounting for the complexities this creates for 
estimation (Koedel and Betts, 2007).  

Model (3) lacks specificity about the other schooling inputs that are needed to fully 
specify the structural model.  Given that administrative data typically have limited measures of 
specific schooling inputs, it can be challenging to include all the necessary measures in the 
model when estimating teacher effects and this misspecification could bias the estimated effects.  
One approach sometimes used to avoid under-specifying school inputs is to include school 
indicators in the estimation and include school means in the structural model.  However, this 
creates an estimation problem since the average teacher mean at the school is now confounded 
with the school mean.  Computationally this is solved in estimation by defining teacher causal 
effects as relative to the average effect for the school and estimating these effects, by including 
both school and teacher indicator variables into the linear models used for estimation.   

Although such a strategy allows for estimation of a well defined causal effect, making 
this change is not without consequences.  Teachers would now be evaluated by direct 
comparison with their colleagues in their school.  However, this type of direct comparison of 
teachers in the same school is generally considered unacceptable for accountability and generally 
the school fixed effects cannot be used VAM-A (Harris, 2007).  Rather, models using available 
data on school inputs are used with known potential for bias from misspecification.  Using 
school fixed effects might be appropriate for VAM-P and could improve estimation, provided 
that programs are not school-level. 

 
Economic Models and Causal Effects 
 

Unlike statistical models, which are descriptive and without explicit links to structural 
models or causal effects, the economic models are developed as models for the outcomes of all 
students had they received the educational inputs given in Sit, Pit, and Zit.  The economists 
identify assumptions under which the parameters of model (3) can be estimated unbiasedly (for 
large samples) using standard least squares or related approaches.  Unbiased causal effect 
estimates can be obtained directly from the estimated model parameters provided the necessary 
assumptions all hold. 
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Of course the fly in the ointment for the economic models is whether or not these 
assumptions, many of which lack face-validity, actually hold in practice.  The economic tradition 
is to develop empirical tests of the assumptions.  The primary challenge of V AM is to remove 
the potential confounding of estimates due to differences among students receiving different 
educational inputs and provide internally valid causal effect estimates.  In the economic 
modeling, the critical assumption for ensuring this goal is met is that any differences among 
classes, schools, or programs that are not captured by variables explicitly used in modeling, are 
captured by factors included in the static fixed student-family components, ϕs.  In the 
terminology of the economics literature, any selection of inputs on the basis of unobservables is 
restricted to the static unobservables in the fixed student-family component.  Given that this is 
the key assumption for meeting the primary goals of the model, this assumption has received the 
most scrutiny among economists.  Economists have also explored the rate of decay (λ) and the 
sensitivity of models to assumptions about this rate and the assumption that inputs have equal 
effects on all students. 

 Recent work by Rothstein (forthcoming, 2008) offers the most thorough test of the 
assumption that assignments to inputs rely only on static unobserved quantities.  Rothstein tested 
this assumption in the context of estimating teacher effects by testing if teachers can predict the 
achievement gains of their students in the years prior to these students being in their classes.  For 
instance, does a fifth grade teacher predict her students’ achievement gains when those students 
were third and fourth graders?  He found that teachers did indeed predict their students’ prior 
achievement gains.  Since teachers cannot rewrite the past, the finding that teachers predict their 
students’ prior performance implies there is selection of students into teachers’ classrooms that is 
related to student prior achievement growth.  Rothstein also found that the relationship between 
current teachers and prior gains differs across time, i.e., the grade 5 teacher’s relationship with 
grade 4 gains differs from the relationship with grade 3 gains, and he interprets this as evidence 
that class assignments cannot depend on a single static factor, but rather must be dynamic. This 
means that at least in some locations, the central assumption of economic modeling does not hold 
and V AM estimates are likely to be biased.  The size of the bias and the prevalence of the 
conditions leading to the violations are unknown. Although this result was aimed at testing the 
specification of economic models, it has important implications for the interpretation of 
estimates from statistical models because dynamic classroom assignment would also violate the 
assumptions that Lockwood and McCaffrey (2007) establish for allowing causal interpretation of 
statistical model estimates. 

Economic tests of assumptions of the decay find that it is generally large, maybe as much 
as 50 percent in a year (Kane and Staiger, 2008, Jacob, Lefgren, and Sims, 2008), which is quite 
contrary to the often-assumed zero decay.  However, limited exploration suggests that estimates 
can be reasonably robust to violations of assumptions about decay.  Finally, regarding the 
assumption that inputs have equal effects on all students, Koedel and Betts (2007) provide some 
evidence supporting assumptions that teacher effects are reasonably constant across all students 
and Lockwood and McCaffrey (2008), using a very different modeling technique, also find that 
any existing interactions appear to be small. 

 
Precision and Stability of VAM Estimates 

 
Research on the precision and stability of estimates is mostly related to VAM-A 

applications – VAM-P programs and policies generally involve large proportions of teachers or 
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large administrative databases, so precision is not an issue.   
Studies of the precision of V AM-A estimates consistently find that sampling errors in the 

estimates are large.  For example, typically the standard errors are sufficiently large that about 
two-thirds of estimated teacher effects are not significantly different from average or zero 
(McCaffrey et al., 2005). Confidence intervals are wide and rankings would likely contain 
substantial errors, so that only about 30 to 35 percent of teachers ranked in either the top or 
bottom quintile in one year remain so in the next year (Aaronson et al. 2004; Ballou, 2005). 
Similarly, studies consistently find that the correlation of estimated effects from pairs of adjacent 
years are low, ranging from less than 0.2 to typically no higher than 0.5 (Aaronson et al. 2007; 
McCaffrey, Sass, and Lockwood, 2008)  

Variability in estimated teacher effects is not only a result of sampling error due to the 
modest numbers of students in classes.  For instance, McCaffrey, Sass, and Lockwood (2008) 
decomposed the variability in repeated measures of teacher effects for samples of mathematics 
teachers from four counties in Florida and found that there was year-to-year variability in teacher 
effects that exceeded expectations due to simple sampling error from random samples of students 
in classrooms.  This additional source of error generally accounted for a much larger share of the 
variability in effects for elementary than middle school teachers and this source of variability 
was only weakly related to administrative data on teachers such as credentials, tenure, and annual 
levels of professional development. Whether this variability reflects variation in true 
performance or a source of error at the classroom level remains unknown. However, it does have 
implications for combining data across years because it suggests that such pooling might mask 
true variation in performance, especially for elementary teachers.   
 

Scaling of Achievement Measures 
 

All V AM estimates of teacher effects depend on achievement test scores, but different 
approaches place more or less stringent requirements on these tests.  In all cases, value-added 
estimates can only exist in grades and subject areas in which testing occurs and prior 
achievement data exist.  Also, teachers can only be evaluated on the constructs measured by the 
achievement tests. Critics sometimes fault the standardized tests which are commonly the 
foundation of VAM for being too narrow and not measuring higher-order thinking skills and thus 
question the utility of V AM estimates derived from these test scores.   

In addition to potential limitations in the range of content on standardized tests, 
psychometricians have raised concerns about comparability of scores from different grade-level 
tests, even when tests are vertically linked to a single scale.  The primary concern is that tests at 
each grade-level measure multiple constructs and shifts in the mix of constructs across grades 
can distort test score gains, invalidate assumptions of perfect persistence of teacher effects and 
the use of gain scores to measure growth, and bias VAM estimates.  

Some statistical models make less stringent assumptions about scaling than models that 
assume complete persistence or directly model growth. However, the problems of scaling 
suggest that current and prior year scores might not even be linearly related because of 
differential scale compression at the top and bottom of the scale. Hence, assumptions of 
normality and implicit linearity in the relationships between scores from pairs of years might also 
be inconsistent with test scores and estimates from statistical models that rely on joint normality 
might be biased by inappropriate assumptions. Errors about linearity in the relationships among 
scores from multiple years can be particularly problematic when using these scores to control for 
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differences among widely disparate classes as is done implicitly in the statistical approaches to 
VAM.  Linearity of scores can be explored empirically and models or scales could be adjusted if 
the model does not conform to the data. 

 
Common Ground in Analytic Methods for VAM 

 
Currently there is limited consensus in the V AM literature about the best analytic 

approaches.  Advocates of ad hoc methods argue that transparency is the primary concern for 
providing useful V AM-A estimates.  However, quantitative researchers from both the statistical 
and economic modeling traditions argue that complex methods are likely to be necessary for 
accurate estimation of teacher effects and that accountability or compensation systems based on 
performance measures with weak statistical properties will fail to provide educators with useful 
information to guide their practice and could eventually erode their confidence in such systems. 

However, quantitative researchers do not agree on the best approach to complex 
modeling.  Economists focus on and develop economic models to explicitly deal with the 
possible unobservable factors related to assignment of students to classes within a structural 
model framework, even as there is growing evidence that the other assumptions that those 
models require about persistence of the effects of historical inputs and scaling of tests may not be 
met. Statisticians and quantitative education researchers continue to use descriptive statistical 
models, adding more and more flexible methods for modeling the persistence of effects and 
relaxing assumptions about scaling issues.  However, these augmentations do not directly 
address the primary concern of V AM that estimates not be confounded by student background 
variables and that the estimates have construct validity and not conflate many different inputs 
into teacher or school effects.  The shortcomings of each class of models are so potentially 
problematic that there is no consensus on the best approaches, and little work has been done on 
synthesizing the best aspects of each approach. 

For VAM-P applications, the paradigms are more similar, with both groups relying on 
measured covariates to control in part for group differences.  However, economic applications 
tend to favor models of gain scores and the use of fixed effects, whereas analysts from the 
statistical persuasion tend to favor random effects models (e.g., hierarchical linear models) and 
do not directly account for selection beyond the inclusion of observed variables. 

Analysts in both paradigms have been fairly shaken by Rothstein’s (2008) results.  
Currently there has not been a clear response from either paradigm and both camps may need to 
adapt their modeling approaches to address the possible fallacy of their current modeling 
assumptions.  Both camps also tend to agree that the precision of estimated effects is generally 
low and that steps need to be taken to improve precision if the estimates are to be used in 
practice.  Currently both camps tend to rely on shrinkage estimation (Morris, 1983), which is 
implicit in the statistical approach and applied post hoc to economic estimates, and combining 
data across years. 

 
   Areas for Future Research 

 
The primary need for future analytic research on VAM is for expanding both the current 

economic and statistical models to incorporate features from the other paradigm that are missing 
in their own approaches.  For instance, economic models need to be expanded to relax 
assumptions about constant geometric decay across all inputs and the rate of this decay.  
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Relaxing these assumptions will also allow the models to make more realistic assumptions about 
test scaling.  Statistical models need to be expanded to explicitly model the assignment of 
students to classrooms and schools—for instance by allowing the selection to depend on latent 
random student effects. The models might also need to relax assumptions about the joint 
normality of vectors of scores.   

Both paradigms need to evaluate the implications of Rothstein’s results and develop 
models that can either allow for dynamic assignment on unobserved variables or minimize the 
bias if removing it proves impossible.  Alternatively, analysts might identify additional data that 
would be required to allow for unbiased estimation and develop instruments and plans for 
collecting that data as part of general education practice. 

There is also a need for continued research on methods to improve the precision of 
estimated effects. In particular, results suggesting that there is true variability in teacher 
performance across years suggests that simply pooling data across years might introduce bias 
and methods that smooth across time while allowing for true deviation in performance (e.g., 
state-space models (Judge et al., 1985) might be appropriate.  Another potentially fruitful 
approach might be to share information across teachers by including teacher characteristics in the 
models and shrinking estimates toward the performance predicted by these factors.  For example, 
the model might include years of experience, so that shrinking is toward the average of teachers 
with similar experience rather than the average for all teachers. 
 Finally, there is also a significant need to study how teachers use information from 
compensation and accountability systems to determine the appropriate balance between the 
complex estimation methods necessary for accurate measures and the need for measures to be 
transparent.  Accuracy is necessary for a compensation system to reward effective teachers and 
provide estimates that predict future performance to guide under-performing teachers toward 
effective changes.  Transparency enables teachers to understand how performance measures use 
data and how they relate to their teaching, so that teachers accept such data as valid measures of 
their performance which respond to factors under their control.  Without transparency, teachers 
may not accept a performance-based compensation system, and the system might have little 
effect on teachers’ practice regardless of the accuracy of the measures.  Currently very little is 
known about how teachers interpret the results of performance measures or performance-based 
pay.  Similarly there is no explicit research about the level of transparency required for a 
measure to be acceptable to teachers.   

 
Discussion  

Although the desired uses for value-added models clearly require causal estimates of 
teacher effects for a broad population of students, there appears to be more evidence which 
questions such causal interpretations than evidence which supports them.   

Models from the statistical paradigm are descriptive rather than causal, and causal 
interpretations are somewhat of a leap of faith.  Lockwood and McCaffrey (2007) have 
established conditions under which that leap is justified and have shown via simulation that even 
with a modest number of tests per student it is possible that bias can be small provided class 
assignments depend on a few stable attributes of students but not on characteristics that vary 
from year to year.  The work of Rothstein suggests that at least in North Carolina, classroom 
assignments appear to be dynamic and inconsistent with the conditions Lockwood and 
McCaffrey (2007) require.  Moreover, even if the statistical models do provide causal effects, 
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those effects conflate teacher inputs with other schooling and non-schooling inputs that affect 
classrooms. 

The economic paradigm specifically builds structural models that describe potential 
achievement under counterfactual classroom assignments and can provide estimates of causal 
effects.  However, the assumptions required to allow for unbiased estimation of those model 
parameters are elaborate, often lack face-validity and are not generally well supported in 
empirical investigations. 

However, the research on teacher value-added is far from universally bad.  There are 
many studies that support the use of value-added for assessing teachers.  Kane and Staiger (2008) 
find value-added estimates and estimates of teacher performance on randomly assigned 
classrooms provide similar evaluations of teachers. Cantrell et al (2007) also find that value-
added scores are the best predictors of teachers’ future students’ outcomes even among pairs of 
teachers on randomly assigned classes.  This result echoes earlier findings by Sanders and 
colleagues showing value-added measures are correlated with students’ future outcomes.  Many 
studies show estimated teacher effects are often not correlated with aggregate classroom 
demographics and a limited number of studies have found them to be related to principal 
evaluations, teacher observation protocols, and tests of teacher knowledge. Moreover, the 
implications of violations of assumptions in terms of how large the bias may be and the 
prevalence of  the conditions that lead to violations is not known and may not be severe.   

But the case for teacher value-added may be more about what it provides than whether or 
not it provides it perfectly.  Teachers matter and they are not all equally effective.  The 
traditional credential and qualification proxies for teacher effectiveness do not appear to provide 
good evidence about teachers’ ability to produce student learning.  The current evaluation system 
based on observations has been widely criticized as ineffective and unable to provide sound 
guidance about how to improve teaching practices, or which teachers to tenure into the 
profession (Wilson, forthcoming; Danielson and McGreal, 2000). Newer observation-based 
protocols rely on ideas of “good teaching” based in educational theory with only limited 
evidence that these measures can truly identify teachers who most (or least) effectively promote 
student learning. 

Given the weaknesses in the current evaluations, measures of teacher effects on student 
outcomes could benefit the teaching profession by guiding effective teachers to continue best 
practices and directing others to seek professional development.  Accurate measures of teacher 
effects on student learning could also serve as the basis for compensation and accountability 
systems which might motivate teachers who are struggling to produce student learning gains to 
seek the advancement opportunities they require, reward the most effective teachers in response 
to younger teachers’ and young potential teachers’ demands for being rewarded on the basis of 
their merits, and attract a broader range of professionals to the profession. 

Other uses of student test scores suffer from all the same shortcomings of value-added 
and more.  Thus, even though value-added is potentially less than ideal, it may have significant 
advantages over other test-based accountability and evaluation systems. 

However, because of the mixed results on the accuracy of value-added measures, a 
universal rollout of systems using value-added measures for high-stakes decisions such as 
compensation and tenure is probably not well supported by the current research, unless those 
programs include well developed evaluation plan and plans to stop such pilots if they appear 
harmful to teachers or students. VAM-based systems need to be introduced into educational 
practice in careful and thoughtful ways.  Educators need to be trained in how to use value-added 
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information and its limitations.  Programs using it need to be piloted and evaluated through 
randomized experiments in which teachers whose performance is measured by value-added are 
randomly assigned to the intervention while their peers are assigned to control conditions.  An 
example of such a pilot program is the POINT experiment being carried out by the National 
Center on Performance Incentives in Nashville to study performance pay.   

Other types of evaluation are also possible.  For example, shadow tenure decisions could 
be made in a value-added system used by researchers to identify teachers who would or would 
not be tenured if value-added were used in the decision process.  Assuming that all these teachers 
would most likely get tenure under the systems currently in place (since nearly all teachers are 
indeed tenured), all teachers could be tracked as they advanced in their careers and the 
performance on value-added and other measures of teachers designated for tenure could be 
compared to those who were not. 

Finally, there is a need for continued development of analytic methods that rely on fewer 
assumptions for estimating unbiased effects and a need for greater data collection so that data 
rather than assumptions can be used to identify teacher or school effects.  More studies like the 
inventive experiment of Kane and Staiger would also be valuable.  All this research will be 
supported by greater use of value-added in practice, and so, regardless of their many limitations, 
it seems that greater use of value-added measures rather than less is the only way forward. 
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