








more than the observed variables in classroom assignments indicate biases in simple value

added models that are large relative to the effects that we hope to measure.

Table 10 presents estimates of the standard deviation of the bias in richer models that

include controls for students’ prior achievement. Columns 1-3 of this table index value

added models, corresponding to VAMs 2, 3, and 4, respectively. The bias in the simplest

model (VAM2) is substantial in every scenario. Column 2 shows that the inclusion of a

control for the prior year’s test score eliminates much of the bias in VAM2, though there

is important variation across scenarios. If we assume that the principal forms classroom

assignments on the basis of his predictions of true gains (rather than observed gains) and

that he has no information about students’ potential gains beyond that contained in their

achievement histories (as in scenarios B-D), the remaining bias in VAM3 is negligible.

However, if we allow the principal to have additional information or if we assume that he

sorts on the basis of predicted observed gains – as he likely would if accountability policies

condition rewards and punishments on observed gains rather than on unmeasurable true

gains – then the bias remains important. If the principal observes even two independent

achievement histories (e.g. the test score history plus an additional series, perhaps coming

from teacher grades) and uses them in classroom assignments, the standard deviation of the

bias in VAM3 is 0.043.

Column 3 shows that much of the bias in VAM3 remains in VAM4, which controls for

the full sequence of prior test scores. If the principal is assumed to observe the student’s true

achievement history plus another set of variables that explain an equal amount of student

gains (i.e. scenario E with f = 1), the standard deviation of the bias ranges from 0.051 to

0.076, both large relative to the standard deviation of teachers’ estimated “effects.”
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8 Conclusion

Typical value added analyses treat the process by which students are assigned to teachers as

ignorable, under the implicit assumption that the statistical model used can absorb any sys-

tematic non-random assignment. This would be true if, for example, classroom assignments

were random conditional on students’ prior-grade test scores. But there is little reason to

think that this is an adequate characterization of classroom assignments. Principals have a

great deal of information beyond the prior test score that is predictive of students’ end-of-

year achievement, and this information is unlikely to be ignored in classroom assignments.

This paper attempts to quantify the bias that arises in value added models that fail to

control for the determinants of classroom assignments. The task is straightforward if class-

room assignments are assumed to be random conditional on observable variables. My anal-

ysis indicates that simple VAMs that fail to control for the dynamic process of test scores,

simply modeling differences in mean gain scores across classrooms, are substantially bi-

ased by student sorting. The bias is reduced – with a variance about 15% as large as that of

teachers’ true effects – in a VAM that controls for the lagged score, and is further reduced

when additional lagged scores are included as controls.

The analysis is more complex if we loosen the unrealistic assumption that all of the

information considered by the principal in forming teacher assignments is available in the

research dataset. I develop methods for assessing the bias when the principal is assumed

to have access to a limited amount of information that the researcher cannot observe. I

consider several scenarios for the information set, and estimate the bias in three value added

models under each scenario.

A great deal turns out to depend on how the principal uses his information: If he weights

past achievement to best predict observed gains, even a limited amount of unobserved infor-

mation generates substantial biases in the sorts of value added models that are commonly

used. Richer models that control the full test score history rather than just a single lagged
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score reduce these biases, but only if the principal has very limited information about stu-

dents’ potential. With less restrictive assumptions, biases remain quantitatively important

even in rich value added models.

Three recent studies have provided evidence that appears to validate observational value-

added estimates. On closer examination, however, all are consistent with the presence of

substantial bias in these estimates. Jacob and Lefgren (2008) and Harris and Sass (2007)

compare value added estimates with principals’ subjective assessments of teacher quality,

which might be assumed to reflect unbiased estimates of teachers’ causal effects. Both pa-

pers find that the two measures are correlated, though far from perfectly. This indicates that

there is at least some signal in the value added estimates. But the weak correlations leave

plenty of room for non-causal factors in the VAM estimates.

Kane and Staiger (2008) compare estimates of teacher effects from a randomized ex-

periment with observational estimates based on data prior to the experiment. They test the

hypothesis that the (appropriately shrunken) observational estimate is an unbiased predic-

tion of the causal estimate, and obtain estimates consistent with this hypothesis. There are

three important sources of slippage here. First, Kane and Staiger test a statistical hypothesis

about the joint distribution of the true coefficients and the bias; while zero bias is consistent

with the null hypothesis, so are large biases that are negatively correlated with teachers’ true

causal effects.24 Second, Kane and Staiger’s sample provides low power. Their standard

errors are consistent with substantial attenuation of the prediction coefficient due to bias in

the observational estimates. While their confidence intervals might rule out my scenario

F (if biases are assumed to be uncorrelated with true quality), my more realistic scenarios

are wholly consistent with the Kane and Staiger estimates but are nevertheless extremely

troubling regarding the potential for bias in value added estimates. Finally, the Kane and

24They test the hypothesis that cov(β ,b)
V (b) =1, where β is the vector of causal effects and b is the best linear

predictor of β +κ , the sum of causal effects and any bias, based on the coefficients from the value added model.
This equality will hold either if V (κ) = 0 – i.e., there is no bias – or if corr (β , κ) =−

√
V (κ)/V (β ).
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Staiger analysis is based on a carefully selected sample of pairs of teachers for which prin-

cipals consented to random assignment. One might expect that principal consent was more

likely when the two teachers would have been given similar students in any case. If so, the

results cannot be generalized beyond the sample, even to other teachers at the same schools.

The results here suggest that it is hazardous to interpret typical value added estimates

as indicative of causal effects. Although some assumptions about the assignment process

permit nearly unbiased estimation, other plausible assumptions yield large biases. Further

evidence on the process by which students are assigned to classrooms is needed before it

will be clear which types of assumptions are closest to reality. The most recent such study,

Monk (1987), is now more than twenty years old. More recent evidence, from studies more

directly targeted at the assumptions of value added modeling, is badly needed, as are richer

VAMs that can account for real world assignments. In the meantime, causal claims will be

tenuous at best.
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Table 1A:  Summary statistics and correlations for reading test scores and gains

Grade 3 pretest Grade 3 Grade 4 Grade 5
(1) (2) (3) (4) (5)

Mean -0.82 0.07 0.42 1.05 0.63
SD 0.87 0.96 0.95 0.82 0.55
Correlations

Grade 3 pretest 1 0.70 0.69 0.65 -0.23
Grade 3 end-of-grade 0.70 1 0.80 0.77 -0.25
Grade 4 end-of-grade 0.69 0.80 1 0.81 -0.52
Grade 5 end-of-grade 0.65 0.77 0.81 1 0.07
Grade 5 gain -0.23 -0.25 -0.52 0.07 1

Notes: N=49,453

Score levels 5th grade 
gain



Grade 3 pretest Grade 3 Grade 4 Grade 5
(1) (2) (3) (4) (5)

Mean -0.82 0.07 0.42 1.05 0.63
SD 0.74 0.88 0.88 0.75 0.27
Correlations

Grade 3 pretest 1 0.91 0.89 0.84 -0.56
Grade 3 end-of-grade 0.91 1 0.96 0.92 -0.57
Grade 4 end-of-grade 0.89 0.96 1 0.96 -0.59
Grade 5 end-of-grade 0.84 0.92 0.96 1 -0.33
Grade 5 gain -0.56 -0.57 -0.59 -0.33 1

Notes: N=49,453

Score levels 5th grade 
gain

Table 1B:  Summary statistics and correlations for reading achievement levels and 
growth, net of sampling error



Table 2:  Predictability of grade 5 reading scores from prior information

(1) (2) (3) (4) (5)
Grade 4 reading score 0.680 0.430 0.356 0.347

(0.003) (0.004) (0.005) (0.005)
Grade 3 reading score 0.245 0.196 0.186

(0.004) (0.004) (0.004)
Grade 3 pretest score, reading 0.082 0.066 0.063

(0.003) (0.003) (0.003)
Grade 4 math score 0.120 0.109

(0.005) (0.005)
Grade 3 math score 0.045 0.041

(0.005) (0.005)
Grade 3 pretest score, math 0.020 0.017

(0.005) (0.005)
Non-test covariates n n n n y
N 49,453 49,453 49,453 49,409 49,285
Goodness-of-fit measures

Models for G5 achievement
R2 0.131 0.683 0.722 0.733 0.736
R2, within school n/a 0.635 0.680 0.693 0.696
R2, within school, for true achievement n/a 0.764 0.819 0.834 0.837

Models for G5 gains
R2 0.047 0.313 0.397 0.421 0.427
R2, within school n/a 0.279 0.367 0.392 0.398

Notes:  All columns include fixed effects for 838 schools, and standard errors are clustered at the 
school level.  "Non-test covariates" in column (5) include indicators for gender, for race/ethnicity, for 
learning disabilities in reading or in any area, for Title 1 participation, for each possible 
"exceptionality" (gifted, hearing impaired, mentally handicapped, etc.), for parental years of 
education, for free and for reduced-price lunch participation, for reporting never doing any 
homework; and a linear control for the number of hours of TV watched each school day (plus a 
dummy for missing values for this variable).



Table 3:  Prediction models with past gains as predictors

(1) (2) (3) (4) (5) (6)
Grade 4 reading gain 0.051 0.082 0.430 -0.394 -0.410 -0.570

(0.007) (0.007) (0.004) (0.005) (0.005) (0.004)
Grade 4 math gain -0.130 0.067

(0.008) (0.005)
Grade 3 reading gain 0.675 -0.325

(0.004) (0.004)
Grade 3 pretest score, reading 0.757 -0.243

(0.003) (0.003)
Goodness-of-fit measures

R2 0.132 0.140 0.722 0.221 0.225 0.397
R2, within school 0.002 0.010 0.680 0.182 0.186 0.367

Grade 5 reading score Grade 5 reading gain
Dependent variable



Grade 5 Grade 4 Grade 3
(1) (2) (3)

Standard deviation of normalized teacher coefficients
Unadjusted for sampling error 0.152 0.142 0.170
Adjusted for sampling error 0.107 0.080 0.097

Correlations, unadjusted for sampling error
Grade 5 Grade 4 Grade 3

Grade 5 1 -0.39 -0.06
Grade 4 -0.39 1 -0.40
Grade 3 -0.06 -0.40 1

Correlations, adjusted for sampling error
Grade 5 Grade 4 Grade 3

Grade 5 1 -0.35 -0.08
Grade 4 -0.35 1 -0.36
Grade 3 -0.08 -0.36 1

Gain score measured in:

Table 4.  Simple models for 5th grade teachers' "effects" on gains in 
grades 3, 4, and 5

Notes:  All specifications include fixed effects for 5th grade schools and for 
5th grade teachers, normalized to mean zero at each school; only the 
dependent variable changes.  Sample excludes 111 teachers with fewer 
than 10 sample students each.  The remaining sample has 49,235 students, 
2,733 teachers, 784 schools.  Correlations are between teacher coefficients 
in the three specifications, weighted by the number of students taught and 
adjusted for the degrees of freedom absorbed by the school-level 
normalization.



SD of teacher 
coefficients

SD of 
bias

Bias variance / 
total (correct) 

variance

corr(bias, 
true effect)

(1) (2) (3) (4)
Panel 1:  Unadjusted for sampling error

Control for all observables 0.124 0
Levels, no controls (VAM1) 0.251 0.208 279% 0.09
Gain scores, no controls (VAM2) 0.153 0.095 59% -0.05
Control for lagged score (VAM3) 0.137 0.050 16% 0.06
Control for score history (VAM4) 0.128 0.025 4% 0.06

Panel 2:  Adjusted for sampling error
Control for all observables 0.096 0.000
Levels, no controls (VAM1) 0.208 0.171 318% 0.14
Gain scores, no controls (VAM2) 0.114 0.070 53% -0.09
Control for lagged score (VAM3) 0.106 0.035 13% 0.11
Control for score history (VAM4) 0.100 0.018 3% 0.11

Notes:  Specification that controls for "all observables" includes controls for math and reading 
scores in grades 2, 3, and 4; indicators for gender, for race/ethnicity, for learning disabilities in 
reading or in any area, for Title 1 participation, for each possible "exceptionality" (gifted, hearing 
impaired, mentally handicapped, etc.), for parental years of education, for free and for reduced-
price lunch participation, and for reporting never doing any homework; and a linear control for the 
number of hours of TV watched each school day (plus a dummy for missing values for this 
variable).

Table 5.  Bias in simple value added specifications if classroom assignment is random 
conditional on observables



Table 6.  Scenarios for the principal's information about student gains

Scenario Principal's information set
Selection on observables

A Ag-1 Principal observes only the prior test score

B A={A1,…,Ag-1} Principal observes full history of test scores

C {A, q1, …, qk} Principal observes history of test scores plus k addl. sequences, 
each a noisy measure of true achievement in grades 1, …, g-1.

D {A*, Ag-1} Principal observes true achievement history (without measurement 
error) plus observed prior test score

E {A*, Ag-1, W} Principal observes true achievement history, observed prior score, 
and an additional measure that is predictive of A* - E[ΔA* | A*] 

F {Y} Principal is able to perfectly predict student outcomes

Selection on observed and some unobserved variables

Selection on unobservables is like selection on observables



Table 7:  Models for observed and true (measured without error) grade-5 reading gains 

Scenario: A B A B
(1) (2) (3) (4)

Grade 4 reading score -0.320 -0.570 -0.150 -0.073
(0.003) (0.004) (0.003) (0.004)

Grade 3 reading score 0.245 -0.055
(0.004) (0.004)

Grade 3 pretest score, reading 0.082 -0.051
(0.003) (0.003)

R2 0.313 0.397 0.449 0.484
R2, within school 0.279 0.367 0.273 0.312

Notes:  See text for computational details.  Standard errors treat the test reliability as known 
perfectly.  In practice, this is estimated, likely with substantial sampling and non-sampling error.

Observed gains True achievement gains
Dependent variable



Scenario: B C C D B C C D
(1) (2) (3) (4) (5) (6) (7) (8)

Observed test score history
Grade 4 -0.57 -0.74 -0.81 -1.00 -0.07 -0.04 -0.03 0.00
Grade 3 0.24 0.11 0.07 0.00 -0.06 -0.03 -0.02 0.00
Grade 2 0.08 0.02 0.00 0.00 -0.05 -0.03 -0.02 0.00
Grade 4 (math)
Grade 3 (math)
Grade 2 (math)

Second noisy achievement history
Grade 4 0.26 0.19 -0.04 -0.03
Grade 3 0.11 0.07 -0.03 -0.02
Grade 2 0.02 0.00 -0.03 -0.02

Third noisy achievement history
Grade 4 0.19 -0.03
Grade 3 0.07 -0.02
Grade 2 0.00 -0.02

History of true achievement
Grade 4 0.90 -0.10
Grade 3 0.00 0.00
Grade 2 -0.10 -0.10

R2 (within school) 0.37 0.44 0.46 0.54 0.31 0.33 0.33 0.35

Notes: All coefficients are for within-school predictions.  See text for details of computations.

Predictions of observed gains Predictions of true gains

Table 8.  Prediction weights if principal has more information than just the observed test 
score history



Table 9:  Variance decompositions for actual and predicted grade-5 gains

Predicted variable
Scenario

Predictor variables (1) (2) (3) (4)
True gain

A Using grade 4 score 27.3% 12.3% 7.3% 0.037
B Using 3 prior scores 31.2% 12.3% 7.5% 0.040
C Using 2 independent achievement histories 32.7% -- 7.8% 0.041
C Using 3 independent achievement histories 33.2% -- 7.9% 0.041
D Using true achievement history 34.5% -- 8.4% 0.043
E Using true history & W variable (f=0.25) 43.2% -- 10.5% 0.054
E Using true history & W variable (f=0.5) 51.8% -- 12.5% 0.065
E Using true history & W variable (f=1) 69.1% -- 16.7% 0.087
F Using perfect information (f=1.96) 102% -- 24.8% 0.129

Observed gain
A Using grade 4 score 27.9% 12.3% 7.3% 0.079
B Using 3 prior scores 36.7% 9.3% 5.9% 0.082
C Using 2 independent achievement histories 43.5% -- 9.8% 0.111
C Using 3 independent achievement histories 46.2% -- 11.2% 0.123
D Using obs. & true achievement histories 54.0% -- 14.1% 0.149
E Using true history & W variable (f=0.25) 55.9% -- 14.6% 0.155
E Using true history & W variable (f=0.5) 57.9% -- 15.1% 0.160
E Using true history & W variable (f=1) 61.7% -- 16.1% 0.171
F Using true gains (f=1.96) plus obs scores 69.1% -- 18.1% 0.191

Grade 5 gain (observed) 1 4.7% 5.8% 0.134

Explained 
share of 
within-
school 

variance

ANOVA for predicted gains
Across-
school 
share

Fr. of within-
school variance 

that is across 
classrooms

SD of across-
class, within-

school 
component



Teachers only Lagged score Score history
(VAM2) (VAM3) (VAM4)

(1) (2) (3)

Unadjusted for sampling error 0.153 0.137 0.128
Adjusted for sampling error 0.114 0.106 0.100

If classroom assignments depend on predictions of true gains
Scenario
B Using observed achievement history 0.039 0.005 0.000
C Using 2 independent achievement histories 0.041 0.007 0.002
C Using 3 independent achievement histories 0.041 0.008 0.003
D Using true achievement history 0.043 0.010 0.004
E Using true history & W variable (f=0.25) 0.054 0.021 0.016
E Using true history & W variable (f=0.5) 0.065 0.033 0.028
E Using true history & W variable (f=1) 0.087 0.056 0.051
F Using perfect information (f=1.96) 0.126 0.098 0.094

If classroom assignments depend on predictions of observed gains
Scenario
B Using observed achievement history 0.080 0.020 0.000
C Using 2 independent achievement histories 0.111 0.043 0.019
C Using 3 independent achievement histories 0.123 0.052 0.028
D Using true achievement history + obs. scores 0.149 0.078 0.053
E Using true history & W variable (f=0.25) 0.155 0.084 0.059
E Using true history & W variable (f=0.5) 0.160 0.089 0.065
E Using true history & W variable (f=1) 0.171 0.101 0.076
F Using true gains (f=1.96) plus observed scores 0.191 0.123 0.099

SD of bias

Table 10.  Bias in value added measures if information is used in teacher assignments that is 
not observed by the researcher

Value added model includes controls for:

SD of bias

SD of teachers' estimated effects




