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Appendix 1

Technical Summary of CREDO 
Simulation Methods



The goal of this project is to estimate 2019-20 scaled scores based on historical state achievement tests 
by subject and grade or by End of Course exams. In this Technical Appendix, we describe the methods 
used to simulate 2017-18 achievement and form 2019-20 achievement proxies . 

We simulated 2017-18 student achievement because we have actual 2017-18 student achievement 
data for comparison.  The best approaches were then used with more recent data to build proxies.

• We have explored more than 20 different approaches in predicting student achievement.

• We have evaluated simulation quality using the mean absolute simulation error for the actual 2017-
18 student achievement.

• Mean absolute simulation error is the average of the absolute value of the difference between 
simulated and actual student achievement across all students.

• A shortlist of five best-performing approaches was identified and used to compare 2017-18 
achievement and produce detailed simulation diagnostics in every state, subject, grade, student 
subgroup, school attribute.

Introduction
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The best-performing methods at each tested grade/EOC have been used to create a full-year 

2019-20 achievement proxy (to simulate a normal year of achievement).

• We create two adjusted proxies of 2019-20 achievement to a) gauge learning at the time of “school 

building closure” and b) accumulated “learning slide” associated with the coronavirus pandemic.

• Technical Appendix 2 describes the adjustment factors and their use with 2019-20 adjusted proxies.

• We use distribution parameters of state assessment scores in each state, subject, grade tested or EOC 

in 2018-19 to transform 2019-20 proxies of normalized scaled scores to scaled scores.

We also describe how we transform normalized scaled scores back to scaled scores.

Introduction – Continued
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Below are the five shortlisted simulation approaches used on 2017-18 achievement. 

1. Do Nothing

Every student’s predicted achievement in a given subject in 2017-18 is the average achievement across all students 

in his or her tested grade or EOC in the previous year (2016-17) in the same subject:

�𝑆𝑆𝑖𝑖,𝑔𝑔,2018 = 𝑆𝑆𝑔𝑔,2017 , ∀ student 𝑖𝑖 in expected tested grade/EOC 𝑔𝑔 ∈ [3,11] in 2017-18

2. Copy Past Year’s Score

Every student’s predicted achievement in a contiguous tested grades between 4 and 11 in a given subject in 2017-18 

is his or her actual achievement in the previous year (2016-17) in the same subject: 

�𝑆𝑆𝑖𝑖,𝑔𝑔,2018 = 𝑆𝑆𝑖𝑖,𝑔𝑔−1,2017 , ∀ student 𝑖𝑖 in expected tested grade 𝑔𝑔 ∈ [4,11] in 2017-18

Every student’s predicted achievement in grade 3 is equal to the average actual achievement of all students in grade 

3 in a given school in the previous year (2016-17).

Every student’s predicted achievement in tested non-contiguous high school grades (“skip grades”), who did not test 

in 2016-17, is equal to the same student’s achievement the last time he or she was tested in the same subject up to 

three years prior (i.e., up to 2014-15).

Methods used for 2017-18 achievement simulation
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3. Bridging (requires 2018-19 assessment data)

Every student’s predicted achievement in a contiguous tested grade between 4 and 10 in a given subject in 2017-18 is 

his or her average actual achievement in the previous year (2016-17) and the following year (2018-19): 

�𝑆𝑆𝑖𝑖,𝑔𝑔,2018 = 〖
𝑆𝑆𝑖𝑖,𝑔𝑔−1,2017+𝑆𝑆𝑖𝑖,𝑔𝑔+1,2019

2
〗 , ∀ student 𝑖𝑖 in expected tested grade 𝑔𝑔 ∈ [4,10] in 2017-18

Every student’s predicted achievement in a tested non-contiguous high school grades (“skip grades”), who did not 

test in 2016-17, is equal to the average actual achievement of the same student in 2018-19 and 2015-16, if they took a 

test in the same subject in those years.

Methods used for 2017-18 achievement simulation – Continued
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4. Linear Ordinary Least Squares (OLS) Regression with one prior

Every student’s predicted achievement in a given subject in 2017-18 is the out-of-sample prediction from a 

regression model of actual achievement in the previous year (2016-17) on prior achievement (2015-16), student 

demographics, and enrolled grade indicators:

�𝑆𝑆𝑖𝑖,𝑔𝑔,2018 = �𝛽𝛽0 + �𝛽𝛽1𝑆𝑆𝑖𝑖,𝑔𝑔−1,2017 + �𝛽𝛽2𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖,𝑔𝑔−1,2017 + �𝛽𝛽3𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖,𝑔𝑔−1,2017 + �𝛽𝛽4𝑆𝑆𝑆𝑆𝐸𝐸𝑆𝑆𝑖𝑖,𝑔𝑔−1,2017 +

�𝛽𝛽5𝐹𝐹𝑃𝑃𝐹𝐹𝐹𝐹𝐹𝐹𝑃𝑃𝑖𝑖,𝑔𝑔−1,2017 + �⃗𝛽𝛽6𝑅𝑅𝐹𝐹𝑅𝑅𝑃𝑃𝑖𝑖,𝑔𝑔−1,2017 + �⃗𝛽𝛽7𝐺𝐺𝑃𝑃𝐹𝐹𝑆𝑆𝑃𝑃𝑖𝑖,𝑔𝑔−1,2017, 

∀ 𝑠𝑠𝑃𝑃𝑠𝑠𝑆𝑆𝑃𝑃𝑠𝑠𝑃𝑃 𝑖𝑖 in expected tested grade 𝑔𝑔 ∈ [4,11] in 2017-18

5. Linear Ordinary Least Squares (OLS) Regression with two priors

Every student’s predicted achievement in a given subject in 2017-18 is the out-of-sample prediction from a 

regression model of actual achievement in the previous year (2016-17) on achievement in two prior years (2014-15 

and 2015-16), student demographics, and enrolled grade indicators:

�𝑆𝑆𝑖𝑖,𝑔𝑔,2018 = �𝛽𝛽0 + �𝛽𝛽1𝑆𝑆𝑖𝑖,𝑔𝑔−1,2017 + �𝛽𝛽2𝑆𝑆𝑖𝑖,𝑔𝑔−2,2016 + �𝛽𝛽3𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖,𝑔𝑔−1,2017 + �𝛽𝛽4𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖,𝑔𝑔−1,2017 + �𝛽𝛽5𝑆𝑆𝑆𝑆𝐸𝐸𝑆𝑆𝑖𝑖,𝑔𝑔−1,2017 +

�𝛽𝛽6𝐹𝐹𝑃𝑃𝐹𝐹𝐹𝐹𝐹𝐹𝑃𝑃𝑖𝑖,𝑔𝑔−1,2017 + �⃗𝛽𝛽7𝑅𝑅𝐹𝐹𝑅𝑅𝑃𝑃𝑖𝑖,𝑔𝑔−1,2017 + �⃗𝛽𝛽8𝐺𝐺𝑃𝑃𝐹𝐹𝑆𝑆𝑃𝑃𝑖𝑖,𝑔𝑔−1,2017, 
∀ 𝑠𝑠𝑃𝑃𝑠𝑠𝑆𝑆𝑃𝑃𝑠𝑠𝑃𝑃 𝑖𝑖 in expected tested grade 𝑔𝑔 ∈ [5, 11] in 2017-18

Methods used for 2017-18 achievement simulation – Continued
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Simulation in OLS with 1 prior, OLS with 2 priors (“out-of-sample prediction”) is done in two steps. In 

the first step, a model with 2016-17 achievement on the left-hand side and 2015-16 student information 

(achievement, demographics, grade level) on the right-hand side is estimated via OLS and estimated 

coefficients are retrieved. In the second step, predicted 2017-18 student achievement is calculated by 

inserting the retrieved estimated coefficients and 2016-17 student information on the right-hand side of 

the model. 

For every shortlisted approach, we produced analyses of the mean raw, absolute, and quadratic 

simulation error for 2017-18 achievement at both the student and school level.

We have also reviewed diagnostics analyses for simulation of achievement in 2015-16 and 2016-17.

Simulation approaches producing smaller mean absolute error at the student level were preferred.

Notes on methods used for 2017-18 achievement simulation
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Below are the technical descriptions of the approaches used to form 2019-20 achievement proxies:

1. Linear Ordinary Least Squares (OLS) Regression with one prior

Every student’s predicted 2019-20 achievement in tested grade 4 in a given subject is the out-of-sample 

prediction from a regression model of actual achievement in the previous year (2018-19) on prior 

achievement (2017-18), student demographics, and enrolled grade indicators:

�𝑆𝑆𝑖𝑖,𝑔𝑔,2020 = �𝛽𝛽0 + �𝛽𝛽1𝑆𝑆𝑖𝑖,𝑔𝑔−1,2019 + �𝛽𝛽2𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖,𝑔𝑔−1,2019 + �𝛽𝛽3𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖,𝑔𝑔−1,2019 + �𝛽𝛽4𝑆𝑆𝑆𝑆𝐸𝐸𝑆𝑆𝑖𝑖,𝑔𝑔−1,2019 + �𝛽𝛽5𝐹𝐹𝑃𝑃𝐹𝐹𝐹𝐹𝐹𝐹𝑃𝑃𝑖𝑖,𝑔𝑔−1,2019 + �⃗𝛽𝛽6𝑅𝑅𝐹𝐹𝑅𝑅𝑃𝑃𝑖𝑖,𝑔𝑔−1,2019 + �⃗𝛽𝛽7𝐺𝐺𝑃𝑃𝐹𝐹𝑆𝑆𝑃𝑃𝑖𝑖,𝑔𝑔−1,2019,

∀ 𝑠𝑠𝑃𝑃𝑠𝑠𝑆𝑆𝑃𝑃𝑠𝑠𝑃𝑃 𝑖𝑖 in expected tested grade 𝑔𝑔 = {4} in 2019-20

2. Linear Ordinary Least Squares (OLS) Regression with two priors

Every student’s predicted 2019-20 achievement in contiguous tested grades between 5 and 11 in a given 

subject is the out-of-sample prediction from a regression model of actual achievement in the previous 

year (2018-19) on achievement in two prior years (2016-17 and 2017-18), student demographics, and 

enrolled grade indicators:

�𝑆𝑆𝑖𝑖,𝑔𝑔,2020 = �𝛽𝛽0 + �𝛽𝛽1𝑆𝑆𝑖𝑖,𝑔𝑔−1,2019 + �𝛽𝛽2𝑆𝑆𝑖𝑖,𝑔𝑔−2,2018 + �𝛽𝛽3𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖,𝑔𝑔−1,2019 + �𝛽𝛽4𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖,𝑔𝑔−1,2019 + �𝛽𝛽5𝑆𝑆𝑆𝑆𝐸𝐸𝑆𝑆𝑖𝑖,𝑔𝑔−1,2019 + �𝛽𝛽6𝐹𝐹𝑃𝑃𝐹𝐹𝐹𝐹𝐹𝐹𝑃𝑃𝑖𝑖,𝑔𝑔−1,2019 + �⃗𝛽𝛽7𝑅𝑅𝐹𝐹𝑅𝑅𝑃𝑃𝑖𝑖,𝑔𝑔−1,2019 + �⃗𝛽𝛽8𝐺𝐺𝑃𝑃𝐹𝐹𝑆𝑆𝑃𝑃𝑖𝑖,𝑔𝑔−1,2019,

∀ 𝑠𝑠𝑃𝑃𝑠𝑠𝑆𝑆𝑃𝑃𝑠𝑠𝑃𝑃 𝑖𝑖 in expected contiguous tested grade 𝑔𝑔 ∈ [5, 11] in 2019-20

Methods used for 2019-20 achievement proxy
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3. School by Grade 3 Historical Average

Every student’s predicted 2019-20 achievement in tested grade 3 is the average achievement of students taking the 

same assessment in the same school in the two prior school years (2017-18 and 2018-19):

�𝑆𝑆𝑖𝑖,𝑠𝑠,𝑔𝑔,2020 = 𝑆𝑆𝑠𝑠,𝑔𝑔,{2018,2019} , ∀ student 𝑖𝑖 in school 𝑠𝑠, expected to be in tested grade 𝑔𝑔 = 3 in 2019-20

4. School by High School Grade Historical Average
Every student’s predicted 2019-20 achievement in non-contiguous high school tested grades is the average 
achievement of students taking the same assessment in the same school in the two prior school years (2017-18 and 
2018-19):

�𝑆𝑆𝑖𝑖,𝑠𝑠,𝑔𝑔,2020 = 𝑆𝑆𝑠𝑠,𝑔𝑔,{2018,2019} , 

∀ student 𝑖𝑖 in school 𝑠𝑠, expected to be in a non − contiguous high school tested grade 𝑔𝑔 in 2019-20

5. School by EOC Historical Average

Every student’s predicted 2019-20 achievement in a given EOC exam is the average achievement of students taking 

the same exam in the same school in the two prior school years (2017-18 and 2018-19):

�𝑆𝑆𝑖𝑖,𝑠𝑠,𝐸𝐸𝐸𝐸𝐸𝐸,2020 = 𝑆𝑆𝑠𝑠,𝐸𝐸𝐸𝐸𝐸𝐸,{2018,2019} , ∀ student 𝑖𝑖 in school 𝑠𝑠, expected to take EOC exam 𝐸𝐸𝐸𝐸𝐸𝐸 in 2019-20

Methods used for 2019-20 achievement proxy – Continued
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We transformed proxies of 2019-20 normalized scaled scores to scaled scores by multiplying 

2019-20 normalized scaled score proxies with the standard deviation of scores in the same state, 

subject and tested grade or EOC assessment in 2018-19 and then adding the average score in the 

same state, subject and tested grade or EOC assessment:

𝑆𝑆𝑅𝑅𝐹𝐹𝐹𝐹𝑃𝑃𝑆𝑆 𝑆𝑆𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃2019−20 = (𝑁𝑁𝑃𝑃𝑃𝑃𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖𝑁𝑁𝑃𝑃𝑆𝑆 𝑆𝑆𝑅𝑅𝐹𝐹𝐹𝐹𝑃𝑃𝑆𝑆 𝑆𝑆𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃2019−20× 𝑆𝑆𝑆𝑆2018−19) + 𝜇𝜇2018−19, 

where 𝑆𝑆𝑆𝑆2018−19 and 𝜇𝜇2018−19 are the standard deviation and mean, respectively, of scaled scores in the relevant 

state, subject, tested grade or EOC assessment.

For a small number of students for whom the 2019-20 scaled score proxy falls outside the range of 

the scaled scores appropriate for that state, subject, and tested grade or EOC, we truncated their 

scaled scores to the upper (lower) bound if their scaled score proxy is above (below) the upper 

(lower) bound of the relevant scale, specific to the state, subject, and tested grade or EOC.

Transformation of normalized scaled score proxies to scaled score proxies
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In addition to the shortlisted approaches described in the presentation, we explored alternative 

computational and statistical approaches as foundational work. 

The alternative approaches reviewed produced higher mean absolute simulation errors than the 

shortlisted approaches so we do not report their results in the main presentation.

For each of the alternative computational approaches reviewed, every student's simulated 2017-18 

achievement was equal to:

a) a fixed achievement level: 0.1, 0.2, or 0.3 standard deviations.

b) the product of a fixed factor, 0.8, with the actual achievement in the previous year (2016-17).  

c) the average achievement of students in the prior year with the same combination of state, 

grade, race, poverty status, ell status, special education status, and gender.

Other computational methods reviewed for 2017-18 achievement simulation
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d) Every student's simulated 2017-18 achievement in contiguous tested grades between 6 and 10 
in a given subject was equal to the actual achievement in the previous year (2016-17) plus the 
average change in achievement between the last two available growth periods for students in 
tested contiguous grades :

�𝑆𝑆𝑖𝑖,𝑔𝑔,2018 = 𝑆𝑆𝑖𝑖,𝑔𝑔−1,2017+ 〖
(𝑆𝑆𝑖𝑖,𝑔𝑔−1,2017−𝑆𝑆𝑖𝑖,𝑔𝑔−2,2016)+(𝑆𝑆𝑖𝑖,𝑔𝑔−2,2016−𝑆𝑆𝑖𝑖,𝑔𝑔−3,2015)

2
〗 , 

∀ student 𝑖𝑖 in expected contiguous tested grade 𝑔𝑔 ∈ [6,10] in 2017-18

Every student's simulated 2017-18 achievement in non-contiguous tested grades in a given 
subject was equal to the actual achievement in 2015-16 plus the change in achievement 
between 2014-15 and 2015-16, provided the student tested in those years for students in tested 
non-contiguous grades (i.e., in high school), who did not take a test in a given subject in 2016-
17:

�𝑆𝑆𝑖𝑖,𝑔𝑔,2018 = 𝑆𝑆𝑖𝑖,𝑔𝑔−1,2016+ (𝑆𝑆𝑖𝑖,𝑔𝑔−1,2016−𝑆𝑆𝑖𝑖,𝑔𝑔−2,2015) , 

∀ student 𝑖𝑖 in expected non − contiguous tested grade 𝑔𝑔 in 2017-18

Other computational methods reviewed for 2017-18 achievement simulation – Continued
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Every student's simulated 2017-18 achievement was equal to: 

e) the average simulated 2017-18 achievement from shortlisted approaches 2, 3, and alternative 

computational method (d).

f) the average simulated 2017-18 achievement from shortlisted approaches 2 and alternative 

computational method (d).

g) the actual achievement in the previous year (2016-17) plus the average change in achievement 

between the last two growth periods:
�𝑆𝑆𝑖𝑖,𝑔𝑔,2018 = 𝑆𝑆𝑖𝑖,𝑔𝑔−1,2017+ (𝑆𝑆𝑖𝑖,𝑔𝑔−1,2017−𝑆𝑆𝑖𝑖,𝑔𝑔−2,2016), 

∀ student 𝑖𝑖 in expected tested grade 𝑔𝑔 ∈ [6,10] in 2017-18

Other computational methods reviewed for 2017-18 achievement simulation – Continued
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For each of the alternative statistical approaches reviewed, every student’s simulated 2017-18 

achievement was equal to the out-of-sample prediction from a regression model of actual achievement 

in the previous year (2016-17) on student demographics, enrolled grade indicators and:

a) prior achievement level (2015-16) and quadratic prior achievement.

b) deciles of prior achievement (2015-16).

c) deciles of achievement in two prior years (2014-15 and 2015-16.

d) Out-of-sample prediction through student-level regression of achievement on student 

characteristics in shortlisted approaches 4, 5 and alternative statistical methods (a) through (c) 

has also been applied to samples of the student population stratified by grade. 

Other statistical methods reviewed for 2017-18 achievement simulation
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Every student's simulated 2017-18 achievement was equal to the out-of-sample prediction from a 

regression model of actual student achievement in the previous year (2016-17) on school-level average 

achievement in 2015-16, categorical variables reflecting racial composition, the share of students in 

poverty, the share of ELL students, and the share of students in special education at the school level in 

2015-16 and: 

e) nothing else.

f) interactions of student demographics and school-level variables.

g) random intercepts at the school level.

Other statistical methods reviewed for 2017-18 achievement simulation – Continued
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Simulated average 2017-18 achievement at the school-by-tested grade/EOC level was equal to the out-

of-sample prediction from a regression model of school-by-tested grade/EOC-level average actual 

achievement in the previous year (2016-17) on average prior achievement (2015-16) at the school-by-

tested grade/EOC level, average demographics at the school-by-tested grade/EOC level, and grade 

indicator variables for 2015-16 and : 

h) nothing else.

i) quadratic school-by-tested grade/EOC-level average prior achievement (2015-16).

Other statistical methods reviewed for 2017-18 achievement simulation – Continued
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Every school's simulated 2017-18 achievement was equal to the out-of-sample prediction from a 

regression model of school-level average actual achievement in the previous year (2016-17) on average 

prior achievement (2015-16) at the school level, school-level categorical variables capturing the 

demographics of the student population in 2015-16 and : 

j) nothing else.

k) quadratic school-level average prior achievement (2015-16).

Other statistical methods reviewed for 2017-18 achievement simulation – Continued
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Appendix 2

Technical Summary of NWEA Methodology



Introduction

• The COVID-related school building closures that swept the country in March 2020 likely caused 

learning loss in students through two pathways:

1. School Building Closure: the reduction in learning due to school building closures around March 15, 2020 may 

lead to lower student achievement.  This impact can be modeled directly with assessment data.

• This also captures reduction in learning due to additional constraints some students are facing during this 

time, like lack of access to technology, or quiet spaces to concentrate on schoolwork, among other 

obstacles exacerbated or caused by the pandemic.

2. Learning Slide: the use of remote instruction for the remainder of the school year may cause student 

achievement to erode from the point of school building closure, rather than at the start of the summer.

• To account for the learning slide impact of COVID-related school closures on student 

achievement, CREDO sought learning slide estimates from NWEA to apply to our 2019-20 

adjusted March proxy, which accounts for the impact of school building closure on the 2019-20 

normalized scale score proxy. Technical Appendix 2  – Page 1  

https://www.edweek.org/ew/articles/2020/06/03/how-covid-19-is-shaping-tech-use-what.html
https://www.edsurge.com/news/2020-07-22-report-one-of-the-biggest-obstacles-to-remote-learning-finding-a-quiet-place-to-work


NWEA Learning Loss Estimates Overview

• NWEA’s MAP Growth tests are administered to students in school districts across the country at 

three points during a school year: Fall, Winter, and Spring. 

• NWEA can estimate students’ learning loss over summer months by comparing students’ Spring 

MAP test score with their Fall MAP test score in the subsequent school year (see Figure 1 of 

Kuhfeld, M. 2018 for a visual representation of NWEA’s summer learning loss calculations).

• Estimates of students’ summer learning loss can be used to understand the potential impact of 

COVID-related school closures on student achievement (see Kuhfeld, M., & Tarasawa, B. 2020 for 

NWEA’s COVID-19 Slide Brief).

Technical Appendix 2  – Page 2  
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NWEA Learning Loss Estimates for CREDO

• NWEA and CREDO assume that the learning slide impact of the March 2020 school building 

closures is similar to students’ typical 3-month learning loss during school closure over the 

summer.

• NWEA developed learning slide estimates for CREDO by using students’ MAP Growth math and 

reading test events from NWEA’s anonymized longitudinal data base. 

• Typical growth rates were estimated across two school years (2017-18 and 2018-19) and the 

summer break in between using a series of multilevel growth models. (See Kuhfeld, M., & 

Tarasawa, B. 2020 for a technical description of NWEA’s modeling strategy for calculating out-

of-school learning loss.) 
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NWEA Learning Loss Estimates for CREDO – Continued

• NWEA’s models also included aggregated school-level student characteristics supplied by 

CREDO:

• level of students in poverty

• level of students classified as English Language Learners, and

• level of students receiving special education designations

• NWEA provided CREDO with measures of average learning slide for 504 unique combinations of 

grade, subject, and school demographic characteristics.  If the base of schools administering 

MAP assessments in a state exceeded 10% of all schools, NWEA produced state-specific 

measures.  They also created a set of measures based on a national sample of students for use 

in states where no state measures were possible.
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MAP Growth Tests and State Summative Assessments

• NWEA produces linking studies that allow for the prediction of students’ proficiency levels on 

state summative assessments. 

• According to NWEA, “Each study identifies the specific RIT scale (for Rasch Unit) scores from MAP 

that correspond to the various proficiency levels for each subject (reading, mathematics, etc.) and 

for each grade. These studies also estimate the probability that a student with a specific RIT score 

would achieve a status of “proficient” or better on her/his state test.”
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CREDO’s Application of Learning Loss Estimates

• The learning slide estimates provided by NWEA represent the amount of learning lost (in 

standard deviation units) during the three months of COVID-related school closures. They 

capture the 3-month slide of students’ achievement, but do not account for the impact of 

school building closure on student learning.

• To account for the impact of school building closure, CREDO adjusted the 2019-20 normalized 

scale score proxies by deducting the average amount of learning lost (in standard deviation 

units) due to March 2020 building closures:

𝐴𝐴𝑆𝑆𝐴𝐴𝑠𝑠𝑠𝑠𝑃𝑃𝑃𝑃𝑆𝑆 𝑀𝑀𝐹𝐹𝑃𝑃𝑅𝑅𝑀 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃2019−20 = 𝑁𝑁𝑃𝑃𝑃𝑃𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖𝑁𝑁𝑃𝑃𝑆𝑆 𝑆𝑆𝑅𝑅𝐹𝐹𝐹𝐹𝑃𝑃𝑆𝑆 𝑆𝑆𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃2019−20 − 0.1

• The resulting 2019-20 adjusted March proxy represents a student’s estimated normalized 

achievement as of mid-March 2020.
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CREDO’s Application of Learning Loss Estimates – Continued

• To account for the subsequent learning slide that students faced, CREDO applied the NWEA 

learning loss estimates to the 2019-20 adjusted March proxy:

𝐴𝐴𝑆𝑆𝐴𝐴𝑠𝑠𝑠𝑠𝑃𝑃𝑃𝑃𝑆𝑆 𝐽𝐽𝑠𝑠𝑠𝑠𝑃𝑃 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃2019−20 = 𝐴𝐴𝑆𝑆𝐴𝐴𝑠𝑠𝑠𝑠𝑃𝑃𝑃𝑃𝑆𝑆 𝑀𝑀𝐹𝐹𝑃𝑃𝑅𝑅𝑀 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃2019−20 + 𝐸𝐸𝑃𝑃𝐹𝐹𝑃𝑃𝑠𝑠𝑖𝑖𝑠𝑠𝑔𝑔 𝐸𝐸𝑃𝑃𝑠𝑠𝑠𝑠 𝐸𝐸𝑠𝑠𝑃𝑃𝑖𝑖𝐹𝐹𝐹𝐹𝑃𝑃𝑃𝑃2019−20

• The resulting 2019-20 adjusted June proxy represents a student’s estimated normalized 

achievement as of the typical end of the school year (assuming mid-June 2020).

• Therefore, the 2019-20 adjusted June proxy takes into account: 

1. the knowledge a student did not acquire in 2019-20 due to the loss of classroom days prior to the end of the 

school year, and

2. the slide of a student’s knowledge due to the reduced schooling for the three months from March to the end of 

the typical school year in June.
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CREDO’s Application of Learning Loss Estimates – Additional Details

• If a learning slide estimate is missing for at least one subject within a grade due to insufficient 

NWEA data, we swap in the national estimates for both subjects within the grade. 

• For example, if a state-specific learning slide estimate for 4th grade math is missing, we replace the missing 4th

grade math estimate and the state-specific 4th grade reading estimate with the corresponding national estimates.

• NWEA provided learning slide estimates for grades 3-8 and 10, as these grades correspond to 

their MAP Growth testing patterns. 

• For high school tested grades and EOCs in statewide assessments that did not have a specific learning slide 

estimate, we swapped in the grade 10 learning loss estimate for the relevant subject and school demographics.
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Appendix 3

Student Subgroup Simulation Results 
for Best Three Approaches
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