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Background / Context:
Description of prior research and its intellectual context.

There has been an active debate in the literature over the validity of value-added models.
Rothstein (2010) finds that the value-added estimate of a student’s teacher in year t predicts that
student’s test score gain in year t-1. He concludes that this evidence of selection based on past
gains violates the assumptions of value-added models, leading to potentially significant bias.
Kane and Staiger (2008) employ an experimental evaluation to test for systematic bias. They
estimate teacher value-added using several years of observational data, and then use these
estimates to predict student performance when students are randomly assigned to classrooms
within pairs of teachers. They find that the bias is insignificant, although they cannot reject
substantial bias due to their small sample size and access to only a select group of teachers.

Chetty et al. (2011) first test for the importance of selection on unobservables by
introducing a set of variables on parental characteristics absent from most data. After finding
that these variables are not correlated with value-added estimates, they test for bias using
teachers who switch schools and conclude that they can rule out plausible types of selection that
would bias estimates of teacher quality.

Hoxby and Rockoff (2004) also compare lottery-based estimates of charter school effects
to those from a value-added model. However, as they point out, the students used in the value-
added approach is a select sample, limited to those who switch schools in late elementary grades.
Furthermore, their value-added model is a difference-in-difference model, and is thus quite
different from the models used more commonly in the value-added literature. Deming et al.
(2011) compare lottery-based results from a school choice initiative to school value-added
estimates, though their test is of a joint null that the value-added model is correctly specified and
other assumptions about how students and parents behave in a school choice system.

Purpose / Objective / Research Question / Focus of Study:
Description of the focus of the research.

| test the central assumption of value-added models that school assignment is random
relative to expected test scores conditional on prior test scores, demographic variables, and other
controls. | use a charter school lottery to identify school effects, and then compare this
“experimental” estimate to that of a school value-added model, which is estimated from all
students in a large district. | use an innovative approach to generate a value-added-based
estimator of the lottery effect that is unbiased under the null hypothesis that the value-added
model is correctly specified. My results imply small but potentially important upward bias in the
math, and very minimal bias in reading.

Setting:
Description of the research location.
(May not be applicable for Methods submissions)

The data used in this analysis come from a charter school in Chicago. As mandated by
Illinois law, the charter school holds a lottery to determine admission when the number of
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applicants exceeds the number of open slots. The students in these lotteries are then matched to
administrative records from the Chicago Public Schools (CPS).

Significance / Novelty of study:
Description of what is missing in previous work and the contribution the study makes.

One novelty of this paper is the formal linkage of the lottery-based and value-added model, such
that under the assumptions of the value-added model (along with a standard exclusion
restriction), the Intent-to-Treat (ITT) effect can be shown to be a combination of parameters of
the value-added model. This allows for a cleaner comparison, whereby we can be precise about
the assumptions necessary to make the two estimates equal in expectation. | can also then
conduct a formal test of their equality.

| also investigate the trade-off in combining many years (and grades) into the model to
estimate school effects. In the teacher value-added literature, McCaffrey et al. (2009) has argued
that combining several cohorts of students to estimate teacher effects mitigates sampling error.
However, there may be a trade-off if true teacher performance varies significantly from year to
year and we wish to capture that performance. That is, even if we were able to completely
eliminate sampling error, there would still presumably be year-to-year differences in effects
within teachers, due to varying levels of performance. It’s not clear that a policy-oriented metric
would want to average out those differences. As Hanushek and Rivkin (2010) point out,
combining multiple years may diminish the role value-added accountability systems can play in
incentivizing productive behaviors. As an example, imagine an accountability system with some
form of incentive (either positive or negative) for performance in year t. In a world without
sampling error, a teacher’s effort in year t will have less of an influence on their evaluation if the
metric averages over years t, t-1, t-2, . . ., etc. than if it is based on year t alone.

In general, the literature has not paid close attention to this distinction, though it is clearly
important in using these models for accountability purposes. Indeed, Deming et al. (2011) focus
on school effects for one year and grade in their test score analysis, and indicate this is because
of large changes in schools from one year to the next driven by a district policy change. But
district-level reforms, school-level policy and personnel changes occur quite frequently, and
averaging over years and/or grade levels may be hiding differences in performance that are
relevant to policy-makers.

A similar argument can be made over whether to aggregate over several grades when
identifying school effects. With different personnel working at different grade levels, combined
with different curriculums and pedagogy, information about 4™ graders may tell us little about
how effectively a school teaches 8" graders.

Statistical, Measurement, or Econometric Model:
Description of the proposed new methods or novel applications of existing methods.

Consider a standard, fixed effects value-added model:
K
(1) Vi = YooV +XiB + ) 15, + £1
s=1

Where Y,,; is the test score of student i who attended school s at time t, Y;;_4is the lagged test
score, X; includes time-invariant student characteristics, I} is an indicator for student i attending
school s at time t, mr, is the effect of attending school s, and €;,; is the white noise error term.
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Now consider the typical model identifying the Intent-to-Treat (ITT) effect of winning a

lottery:
(2) Yise = + Ait6 + Ui
Where A;; is an indicator equal to 1 if student i at time t won the lottery and was admitted to the
charter school, and 0 otherwise.® Due to the independence between 4;, and u;;, we can then
write:
8 = E[Yis¢|Aje = 1] — E[Yis|Ay = 0]

This will lead us to an equation for &, the ITT effect, in terms of the parameters of our value-
added model when we replace the Y, above with the outcome from (1):

3 &= Eﬁsmwu 1] - 2: BT 1Aie = O] + EleiselAge = 1] = Eleise Ay = 0]

Note that the flrst two terms of (1) drop out, as they are determined prior to random assignment
and are independent of 4;;. We can then invoke the familiar exclusion restriction used in the
instrumental variables literature that winning or losing the lottery affects an individual’s outcome
only through the lottery’s effect on determmlng the SChOOI the individual attends: &;; L A;;.

This assumption makes the final two terms in (3) drop out; 2
K

& 6=2ﬁﬁ@mn=u—§ﬁﬁmn%=m
s=1

s=1

K
= Z ﬂs(pls - pOs)

s=1
where pj;s = E[I;;|A; = jl,j = 0,1. In other words, pjs is the conditional probability of
attending school s. The experimental causal estimate now appears as a function of parameters
from the value-added model.

To generate a value-added based estimate of the lottery effect, | replace my with 7 from
the value-added model, and p;s with another estimate. In the case of the latter, notice that
P1s — Pos 1S equal to a5 from the following model:

(5) I = ag + Ajsad + ey
Further, the random generation of A;; ensures that the OLS coefficient @7 is an unbiased estimate
of @;. Thus we can replace ps — pos With &7, arriving at the following estimator:

(6) %=Zmﬁ

s=1
Arithmetically, (6) is exactly equivalent to the estimate one would get by estimating (2) with the
value-added estimate of the school attended by each student replacing their post-lottery test
score.

Usefulness / Applicability of Method:

Demonstration of the usefulness of the proposed methods using hypothetical or real data.

See tables below.

! Again, for ease of exposition, consider the case where a student enters a maximum of 1 charter school lottery.
? Note that we do not require the second central IV assumption: monotonicity.
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Findings / Results:
Description of the main findings with specific details.
(May not be applicable for Methods submissions)

None of the biases are statistically significant, though that may be too low a standard.
For example, a naive value-added-based hypothesis that all schools attended by winners and
losers were the same would also not be rejected by these tests (using the same standard errors of
the differences estimated in the table). Many of the estimates are almost as close to this naive
hypothesis as they are to the true lottery estimate. Examining them this way, the biases seem
important from a policy perspective. Another way to put the bias in context is in relation to the
standard deviation of school effects.

The standard deviations of school effects are roughly consistent with the literature, with
the possible exception of the random effects model. The fact that the estimated “true” variance
of school effects for the first two pooled fixed effects models is negative may call into question
the utility of those metrics. Since any true variance cannot be negative, it seems inappropriate to
employ the estimated variance in the empirical Bayes framework, so | present the raw, de-
meaned school effects estimates instead. Nevertheless, it may be that these models do not
adequately identify school effects if the unadjusted variance of the school effects is less than the
mean of the squared standard errors.

For math, all but one of the value-added estimates is greater than the lottery-based
estimate, lending support to the hypothesis that value-added fails to control for unobserved
components of achievement that are positively correlated with selection into a charter school.
The fact that all of value-added models produce very similar estimates, save for the random
effects model, implies that there is something systematic in the bias that is not related to any of
the different estimation techniques. The random effects estimate reflects the least amount of bias
of the estimates, and is very close to the lottery effect. The biases range from 0.027 to 0.77
standard deviations of school effects.

Within the average residual models, the degree of bias increases with the degree of pooling.
That is, pooling over years and grades generates more bias than pooling over years, within
grades, which generates more bias than estimating each year-by-grade combination separately.

The reading results (table 4) indicate that the value-added models are close to unbiased in
reading. With the exception of the random effects model, which is biased downward, the
differences between the value-added models and the lottery estimate are insignificant by any
reasonable standard. The same caveat described above regarding the “true” variances applies to
all three pooled fixed effects models in reading: these estimates are not generated with shrinkage.
The school standard deviations tend to be smaller for reading than for math within each model,
which is consistent with much of the literature (see Hanushek and Rivkin, 2010 for an overview).

Conclusions:
Description of conclusions, recommendations, and limitations based on findings.

| cannot reject the null that the value-added models are unbiased. In math, most of the models
diverge from the experimental estimate, by as much as 77% of the standard deviation in school
effects. Models that aggregate over years and grades perform worse than those that estimate
each year-by-grade separately. In reading, the value-added models perform well, with very
minimal divergence. In general, for both subjects, the different models align closely with one
another.
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Appendix B. Tables and Figures

Table 1: Randomization check

o @ © @ 5 ®) @ ® 9) (10)

E}‘?{ﬁlme rBeZSdeilr:ge Female Latino Black White F/R lunch  Spec. ed. EI:\I/QEL)nc. ;\(I)il.gshtét.
Win -0.1418 -0.0485 0.0831 0.0070 -0.0204 0.0089 0.0409 0.0587 0.0938 -0.0483

(0.096) (0.096) (0.051) (0.011) (0.014) (0.008) (0.041) (0.030) (0.080) (0.069)
N 381 381 381 381 381 381 381 381 381 381
Lott. mean -0.0351 0.1476 0.5620 0.0105 0.9816 0.0052 0.8127 0.0919 0.5248 0.1534
Lott. S.D. 0.9201 0.9247 0.4955 0.1021 0.1345 0.0724 0.3897 0.2892 0.7728 0.6640
Syst. mean 0.0795 0.0967 0.4978 0.3545 0.5225 0.0901 0.8645 0.1321 0.2412 -0.3068
Syst. s.d. 0.9951 0.9732 0.5000 0.4784 0.4995 0.2863 0.3423 0.3386 0.8123 0.8240
Syst. N 144,197 144,197 144,197 144,197 144,197 144,197 144,197 144,197 144,197 144,197

Standard errors in parentheses

“p<0.05 "p<0.01, " p<0.001

Note: first row displays coefficient and standard error from a regression of the pre-randomization variable on the winning indicator and lottery

fixed effects.



Table 2: Number of winners and losers in the charter school lotteries

Total i -
Year of Lottery Grade Lost Won otal in year-grade
(VA)

2006 6" 45 32 24,660
2007 6" 11 39 24,523
2009 6" 17 88 23,797
2009 gth 32 21 24,256
2010 4t 29 6 21,586
2010 7t 23 38 24,225

Note: the last column represents the number of students in that year and grade used in the value-added model.
The year is when the lottery took place, so the first post-lottery school year for the first row is

2006-07,

etc.



Table 3: Math: lottery- and VA-based results

(1) (2) (3) (4) (5) (6) (7) (8) 9 (10)
Lott-1 Lott-2 FE-P FE-G FE-Y FE AR-P AR-Y AR RE

Win -0.0925  -0.0881 -0.0478 -0.0645 -0.0593 -0.0517°° -0.0319° -0.0450  -0.0599  -0.0983"
(0.056) (0.057) (N/E) (N/E) (N/E) (0.020) (0.006) (0.010) (0.022) (0.044)

*

Baseline math  0.7721° 0.7743"
(0.038)  (0.038)

Baseline read 0.0664 0.0512
(0.037) (0.038)

Demographic N Y

controls

constant -0.0093  -0.0501 -0.0159"  -0.0140 -0.0332”  -0.0536" -0.0166  -0.04777" -0.05997" -0.0680"
(0.040)  (0.069) (0.006) (0.009) (0.013) (0.010) (0.004) (0.008) (0.012) (0.030)

N 381 381 381 381 381 381 381 381 381 381

Difference 0.040 0.024 0.029 0.036 0.056 0.043 0.028 -0.010

S.E. (0.051) (0.056) (0.054) (0.052) (0.060)

School S.D. 0.121 0.135 0.143 0.190 0.073 0.105 0.204 0.374

VA obs 600,273 600,273 600,273 143,047 600,273 600,273 143,047 143,047

VA schools 560 560 560 540 560 560 540 540

§tandard errors in pareg*t*heses

p<0.05 p<001, p<0.001
Note: columns 1 and 2 contain lottery-based estimates, with column 2 including demographic controls. The rest of the columns contain VA-based estimates of the
lottery effect. All columns include fixed effects for each lottery (i.e. the year-by-grade combination of the lottery entered).
The VA model used to generate the school effect estimates varies across columns 3 through 10 as follows: columns 3 through 6 are fixed effects models. Column 3
pools years and grade levels together, with year-by-grade fixed effects. Column 4 pools grades together (with grade fixed effects) while estimating each year
separately; while column 5 pools years together (with year fixed effects) and estimates a separate model for each grade. Column 6 estimates each year-by-grade
combination separately. Columns 3 and 4 do not use empirical Bayes estimates because the estimated “true” variance is negative (see text).
Column 7 is an average residual model following Chetty et al. (2011) and pooling years and grades with year and grade fixed effects. Column 8 is the same as 7
except it estimates each grade separately, with year fixed effects. The models in columns 9 and 10 both estimate each year-by-grade combination separately.
Column 9 is an average residual model following Deming et al. (2011), and does not use an empirical Bayes estimate; while column 10 is the random effects
model described in the text. The final rows represent the difference between the VA estimate of the ITT effect and the lottery estimate; the bootstrapped standard
error of the difference; the estimated standard deviation of school effects of the VA model; and the number of observations and schools in the VA model.



Table 4: Reading: lottery- and VA-based results

(1) 2 3) 4) ) (6) (7 (8) ) (10)

Lott-1  Lott-2  FE-P FE-G FE-Y FE AR-P AR-Y AR RE
Win 00109 -00194 -0.0133  -00112  -00276  -0.0180  -0.0118" -0.0103" -0.0245  -0.0387

(0.064)  (0.065)  (N/E) (N/E) (N/E) (0.019)  (0.005)  (0.007)  (0.022)  (0.038)

*

Baseline math  0.29197 0.2876

(0.044)  (0.043)
Baselineread 0.5609°  0.54137
(0.043)  (0.044)

Demographic N Y

controls

constant 0.0343 0.0214 0.0043 0.0015 -0.0268"  -0.0068 -0.0095""  -0.0247""  -0.0033 0.0403
(0.047)  (0.080)  (0.005) (0.007) (0.008) (0.009) (0.003) (0.005) (0.011) (0.025)

N 381 381 381 381 381 381 381 381 381 381

Difference 0.006 0.008 -0.008 0.001 0.008 0.000 -0.005 -0.019

S.E. (0.060) (0.065) (0.064) (0.063) (0.067)

School S.D. 0.120 0.124 0.142 0.142 0.050 0.068 0.162 0.337

VA obs 600,926 600,926 600,926 143,047 600,926 600,926 143,047 143,047

VA schools 560 560 560 540 560 560 540 540

§tandard errors in pareg*t*heses

p<0.05 p<001, p<0.001
Note: columns 1 and 2 contain lottery-based estimates, with column 2 including demographic controls. The rest of the columns contain VA-based estimates of the
lottery effect. All columns include fixed effects for each lottery (i.e. the year-by-grade combination of the lottery entered).
The VA model used to generate the school effect estimates varies across columns 3 through 10 as follows: columns 3 through 6 are fixed effects models. Column 3
pools years and grade levels together, with year-by-grade fixed effects. Column 4 pools grades together (with grade fixed effects) while estimating each year
separately; while column 5 pools years together (with year fixed effects) and estimates a separate model for each grade. Column 6 estimates each year-by-grade
combination separately. Columns 3, 4 and 5 do not use empirical Bayes estimates because the estimated “true” variance is negative (see text).
Column 7 is an average residual model following Chetty et al. (2011) and pooling years and grades with year and grade fixed effects. Column 8 is the same as 7
except it estimates each grade separately, with year fixed effects. The models in columns 9 and 10 both estimate each year-by-grade combination separately.
Column 9 is an average residual model following Deming et al. (2011), and does not use empirical Bayes estimates; while column 10 is the random effects model
described in the text. The final rows represent the difference between the VA estimate of the ITT effect and the lottery estimate; the bootstrapped standard error of
the difference; the estimated standard deviation of school effects of the VA model; and the number of observations and schools in the VA model.



