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• United States mandates public release of 

annual summaries of state standardized 

test scores

• Schools in need of ``targeted support 

and improvement’’ if any of these 

demographic groups lag their peers 

(Every Student Succeeds Act, 2015):

• Economically disadvantaged students

• Students from major racial or ethnic 

groups

• Children with disabilities

• English learners

• Identified schools must make plans to 

close the gaps with approval from their 

local education agency (LEA)

Public test score data and school 

accountability in the United States

Source: Texas Education Agency. Understanding the 

Closing the Gaps Domain. Link.

https://tea.texas.gov/texas-schools/accountability/academic-accountability/performance-reporting/closing-the-gaps-domainfinal.pdf


• Achievement gaps grow over the 

summer despite their stasis during the 

school year (Heyns, 1978, Cooper et al., 

1996)

• ADSY attempts to combat this slide by 

funding additional school days

• LEAs decide which schools should add 

days

• How to estimate the effects of ADSY on 

standardized test scores?

Texas’s Additional Days School Year 

initiative (ADSY)

Source: Institute of Education Sciences. The impact of Texas’s

additional days school year initiative on student learning loss. Link.

https://ies.ed.gov/use-work/awards/impact-texass-additional-days-school-year-initiative-student-learning-loss


• Notation:

• Ti = 1 if school i (i = 1, …, n) is in the intervention group, 0 if in the control group

• Wijk = average score on test j (j = 1, …, J) among students in subgroup k (k = 1, …, K) at school i

• Wi = (Wi11, …, WiJK)

• Zi = additional confounders with treatment

• An evaluation of ADSY could use publicly available data to estimate the following propensity score model:

A standard propensity score analysis

(1)



• Classical test theory models the “obtained” score Wijk by a simple additive measurement error model:

• Xijk is the average ``true’’ score for students in a subgroup

• ``True’’ score: average score if the student took the test infinitely many times

• The ``error’’ represents random test-day fluctuations due to students arriving late, sleeping poorly the 

night before, randomly guessing correctly, etc.

• Balancing Wijk does not balance Xijk (De Gil et al., 2015; Raykov, 2012)

The relationship between ``obtained’’ 

and ``true’’ test scores

(2)



1. Schools with outlying W’s may be easier to match

Why estimate propensity scores 

conditional on ``true’’ test scores?

One intervention and two controls with the same values of Xijk, but

different values of Wijk. Curve in blue is the distribution of Wijk | Xijk.



1. Schools with outlying W’s may be easier to match

Why estimate propensity scores 

conditional on ``true’’ test scores?

One intervention and two controls with the same values of Xijk, but

different values of Wijk. Curve in yellow is the distribution of Wijk | Xijk.



2. Obtained scores predict intervention, but true scores predict outcomes

• Rubin (1997) notes the propensity score considers strong and weak predictors of outcomes equally

• PS estimates constructed with the goal of modeling assignment may balance predictors of intervention 

assignment more closely than prognostic variables

Why estimate propensity scores 

conditional on ``true’’ test scores?



3. States withhold small subgroups’ obtained scores 

from public datasets to protect student privacy

• Propensity score estimates conditioned on obtained 

scores are precluded for any school with withheld 

scores

• At right: minimum number of students for reporting 

average subgroup score by state (source: Jacob et 

al., 2014)

Why estimate propensity scores 

conditional on ``true’’ test scores?



• Assume Wi is a ``strong’’ surrogate (Lockwood and McCaffrey, 2016) in that:

• Additionally, assume:

• Then P(Ti = 1 | Xi, Zi) is:

• With Wi a strong surrogate (and the logistic regression in (1) being correct), P(Ti = 1 | Wi, Xi, Zi) = P(Ti = 1 

| Wi, Zi), so β’s may be estimated from observed data via ML

Estimating a propensity score that 

conditions on true test scores when 

they are measured with error

(3)



• Estimate true scores using fitted values from the following hierarchical linear model (HLM):

• ẟij(c) is a random school-level effect; ẟijk(s) is a random subgroup-within-school effect

• ẟijk(s) is identified using an external estimate of the measurement error covariance matrix

Estimating true scores to use in 

propensity score estimates

(4)



• Agencies publish estimates of the conditional SD 

of the measurement error given a true score 

(CSEM)

• Notation:

• σijk = the CSEM associated with Xijk
• mijk = number of test-takers in the subgroup

• Estimate Σi prior to fitting the HLM by:

Estimating true scores to use in 

propensity score estimates

Source: Texas Education Agency. Technical 

Digest 2023-2024. Link.

https://tea.texas.gov/student-assessment/reports-and-studies/2023-2024-technical-digest.pdf


Results from a simulation study

• Compare three sets of PS estimates for full matching within calipers:

• Proposed maximum likelihood (ML) estimates

• Regression calibration (RC) estimates

• Estimates from the ``Naive’’ logistic regression on the error-prone subgroup scores

• Assess:
• % of intervention schools retained in matching

• Balance on Xi from matching

• Bias and RMSE of intervention effect estimates



Results from a simulation study

Table 1. Average % of intervention schools for which full matching 

within calipers fails to find a match. Notes. Caliper widths reported 

on the logit scale. 



Results from a simulation study

Figure 1. Standardized difference in means of Xi and Wi between intervention and 

control groups. Sample matched on ML PS estimates in dark green; on RC 

estimates in light green; on naive estimates in sky blue; and without matching in 

dark blue.



Results from a simulation study

Figure 2. RMSE in matching estimators. Estimator from matching on ML PS 

estimates in dark green; on RC estimates in light green; on naive estimates in sky 

blue; and without matching in dark blue.



Using PS estimates to form a 

matched comparison group to ADSY 

schools

• 125 public schools in the 2020-2021 added days prior to spring 2021 testing

• Form a matched comparison group of schools with similar average true scores for students in 

subgroups of different sizes

• Median school that year enrolled 233 Hispanic/Latino and 27 Black or African-American students

• Challenges:
1. No testing in spring 2020 due to COVID-19 shutdown

• At least one—sometimes two—pretests needed to remove selection bias (Hallberg et al., 

2018)

• Use what’s available (spring 2019 testing) as an exercise in matching on proposed PS 

estimates
2. TEA withholds average test scores from publicly available data for subgroups with <5 students

• When Wi is not observed, ML and RC still produce PS estimates; naive approach does not

• Apply ML and RC to publicly available data as is

• Apply naive method to dataset that uses restricted—access student-level data to impute 

missing averages, giving it an oracle-type boost



Table 3. Standardized differences in ADSY and matched control means 

of            .

Using PS estimates to form a 

matched comparison group to ADSY 

schools



The take-home consideration when estimating propensity scores 

with public test score data:

Drown out the noise!
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Proposal A: Regression calibration (RC)

• Procedure:

 1. Separately for each test, fit the following hierarchical linear model:

• ẟij(c) is a random school-level effect; ẟijk(s) is a random subgroup-within-school effect

 2. Obtain fitted values

 3. Fit the logistic regression:

• This closely approximates the regression on Xi and Zi (Carroll et al., 2006), but the theory justifying 

RC assumes Wi is a ``weak’’ surrogate (Lockwood and McCaffrey, 2016). Symbolically:

Estimating a propensity score that 

conditions on true test scores when 

they are measured with error

(3)

(4)



Proposal B: Maximum likelihood (ML)

• Procedure:

1. Fit the hierarchical linear models from step 1 of RC

2. Obtain the fitted values from step 2 of RC

3. Fit the logistic regression:

4. Use the fitted values and estimated coefficients from steps 2 and 3 in the approximation to (3) 
proposed in Monahan and Stefanski (1992):

Estimating a propensity score that 

conditions on true test scores when 

they are measured with error

(6)

(7)



Results from a simulation study

• Data generation [1 assessment (J = 1), 4 mutually exclusive student subgroups (K = 4)]:

1. Simulate Zi’s representing student body demographic summaries

2. Simulate Gaussian ẟij(c)’s and ẟijk(s)’s; mean = 0, SD’s = 𝞃(c) and 𝞃(s), respectively

3. Form Xijk = ZiƔ + ẟij(c) + ẟijk(s)

4. Simulate mijk’s
• Setting 1: all mijk simulated from a distribution for a large subgroup; diagonal elements of Σi 

are small

• Setting 2: 2 mijk simulated from a distribution a moderate subgroup, 2 simulated from a 

distribution for a small subgroup

5. Simulate Gaussian Wijk’s conditional on Xijk; mean = Xijk, SD = σ
6. Simulate Ti as Bernoulli with P(Ti = 1 | Wi, Zi) logistic in Wi and Zi

7. Simulate Gaussian Yijk’s conditional on Xijk; mean and SD the same as for Wijk | Xijk



Table 4. Effect estimates from a placebo test. Notes. Effects 

measured using average pretest scores for subgroups whose scores 

were not included in PS estimation. P-values have been adjusted 

using a max-T correction.

Using PS estimates to form a 

matched comparison group to ADSY 

schools
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