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CORE Academic Growth Model 
Facilitator’s Guide 
A guide for using EA’s training materials regarding the CORE Academic Growth Model for in-person or 
webinar formats (Last updated 8.17.16) 
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Description of Resources 
Education Analytics (EA) has developed the following resources regarding the CORE Academic Growth 
Model: 

Oak Tree Analogy (PowerPoint with talking points, future plans for narrated video) 
An introduction to growth models – this presentation begins with an analogy where gardeners are 
responsible for the growth of oak trees. It explores the concept of evaluating effectiveness using 
“achievement,” “simple growth,” and a “growth model with context adjustments.” To complete the 
presentation, concepts from the analogy are linked to the education context. 

Step-by-Step (PowerPoint with talking points, future plans for narrated video) 
A short conceptual example that lays out the steps from collection of student-level data to SGP results 
and their basic interpretation. 

If users have already seen all materials before, this section could serve as a good refresher on the full 
process and the basics of results interpretation. 

Results Interpretation (PowerPoint with talking points, future plans for narrated video) 
A more in-depth look at the SGP scale and what results mean across the 0-100 scale – this presentation 
includes opportunities for the audience to practice report interpretation and offers guidance questions 
when stakeholders are viewing their own reports. 

Frequently Asked Questions (Word document) 
An initial version of answering frequently asked questions – this document will evolve over time to 
address new questions that arise from the CORE Districts. 
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Suggested Facilitation Plan 
Context: 
There is a lot of material to cover when learning about growth models with context adjustments, such as 
the CORE Academic Growth Model. Depending on audience background knowledge, it may be 
overwhelming to cover the full range of content in one session. In particular, switching from an 
“achievement mindset” to a “growth mindset” can take some time. Also, realizing that these growth 
models are about measuring school impact rather than setting expectations for individual students can 
take time to understand and embrace. 

Successful and engaging sessions typically involve group settings where stakeholders can talk to one 
another to better understand and contextualize the presented materials. Allow discussion time after 
blocks of content to allow for clarifying questions to arise. 

Using student outcome data to evaluate school or educator performance (particularly in the form of 
growth models) can be a controversial topic. Please keep your local context in mind when framing these 
measures within the larger picture of school and educator performance. 

Primary Take-away Learnings Include: 
● The CORE Academic Growth Model measures the impact of schools on students’ academic

growth
● The CORE Academic Growth Model does so by taking student context into account when

measuring growth from one year to the next
● Results are provided on a Student Growth Percentile scale that ranges from 0-100
● The results are a powerful tool for identifying areas where school impact is above average,

typical, or below average
● The results can identify areas of strength or areas of need, but do not indicate the “why” behind

those results – that’s where your expertise comes in to investigate why strategies in use may or
may not be effective with students

Suggested Sequence [Full Contents]: 
● Warm-up activity of your choice depending on audience
● Oak Tree Analogy (approximately 30-45 minutes)
● [Discussion & record questions]
● [Break]
● Step-by-Step (approximately 15-30 minutes)
● [Discussion & record questions]
● Results Interpretation (approximately 30-45 minutes) (with activities)
● Frequently Asked Questions distribution
● [Identify gaps between recorded questions and FAQ, escalate unanswered questions and

follow-up with stakeholders once answers are received]

Suggested Sequence [Shortest Possible Content / Refresher]: 
● [Brief introduction based on local context]
● Step-by-Step (approximately 15-30 minutes)
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● [Discussion & record questions, escalate unanswered questions and follow-up with stakeholders
once answers are received]

As applicable, training coinciding with stakeholders viewing their own results can be particularly 
engaging. We recommend covering at least the “Oak Tree Analogy” and “Results Interpretation” prior to 
stakeholders logging in to see their results. 

Check for Misconceptions: 
Common misconceptions of growth models with context adjustments include: 

● Interpreting results as “achievement” rather than “growth”
● Attributing high/low results to the demographic characteristics of students that are already

adjusted for in the model (such as “these results are low because our school serves a high
proportion of English Learners)

● Attributing high/low results to the starting point of students (such as “our school can’t be high
growth because our students start out exceeding standards on the test)

● Equating context adjustments isolating school impact to be higher/lower growth expectation for
a particular student

● Interpreting SGP results as “on track to proficiency” results or “absolute growth” results
● Believing the underlying methodology is based on change between “proficiency categories”

rather than scale score growth
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Notes for “Oak Tree Analogy” 
Short Description: 
An introduction to growth models – this presentation begins with an analogy where gardeners are 
responsible for the growth of oak trees. It explores the concept of evaluating effectiveness using 
“achievement”, “simple growth”, and a “growth model with context adjustments”. To complete the 
presentation, concepts from the analogy are linked to the education context. 

A script for the presentation can be found in the PowerPoint slide notes. 

There is an activity on slide 9. 

ACTIVITY 

In small groups, discuss what factors are missing from our Gardener Evaluation. 

Provide time for groups to discuss and optionally share-out to the larger group. Typical answers come in 
a few categories: 

● Growth mindset
o Starting height
o Last year’s height
o Do taller / shorter trees grow faster / slower

● Factors gardeners CAN NOT change
o Soil quality
o Sunshine
o Weather
o Rain
o Insect pests

● Factors gardeners CAN change
o Fertilizer
o Watering
o Pruning techniques

If ideas are brought up in the “Factors gardeners CAN change” category, it may be strategic to discuss 
why a measurement of gardener performance should NOT directly adjust for those factors. In essence, 
we are trying to capture the effectiveness of those very things that a gardener could use as strategies. 
This discussion may work better closer to the end of the presentation after the reasoning behind the 
“Growth mindset” and “Factors gardeners CAN NOT change” are fully addressed. 
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Notes for “Step-by-Step” 
Short Description: 
A short conceptual example that lays out the steps from collection of student-level data to SGP results 
and their basic interpretation. 

If users have already seen all materials before, this section could serve as a good refresher on the full 
process and the basics of results interpretation. 

A script for the presentation can be found in the PowerPoint slide notes. 

● Note : specific numbers on this slide for adjustments are for illustrative purposes, the actual
adjustment amounts are calculated each year and for each grade/subject independently and
reflect the actual observed trends across the CORE districts

● Note : “Prediction” is being used in the statistical sense of the word. These “predictions” are
made after all outcome data is already received and processed rather than a forward-looking
forecast about how a particular student might do on the next test. In reality, a “prediction”
should be thought about as typical growth for students with a similar starting point and
characteristics.

● Note : Starting at slide 6, content overlaps with content from the “Results Interpretation” deck –
skip if you plan to use that presentation too
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Notes for “Results Interpretation” 
Short Description: 
A more in-depth look at the SGP scale and what results mean across the 0-100 scale – this presentation 
includes opportunities for the audience to practice report interpretation and offers guidance questions 
when stakeholders are viewing their own reports. 

A script for the presentation can be found in the PowerPoint slide notes. 

There is an activity on slide 8, slide 9, and slide 14 (if results are available for viewing) 

ACTIVITY – SLIDE 8 

Here are Mathematics and ELA results for a hypothetical school 

● GROUP ACTIVITY
o [questions on slide]

● Answers:
o In Mathematics:

▪ All grade levels are making above average growth with their students
o In ELA:

▪ The 4th grade team is making above average growth with their students
▪ The 5th grade team is making average growth with their students
▪ The 6th grade team is making below average growth with their students

ACTIVITY – SLIDE 9 

Here are ELA results for a hypothetical school 

● EXPLAIN TO YOUR NEIGHBOR
o [questions on slide]
o Note: wait to animate in the green call-out box

● Answers will vary, here are some ideas to guide conversation:
o According to these growth results, the 7th grade team is most effective at growing their

students. The SGP is above 50 and our bubble color is green. This indicates that these
students are growing faster than similar students (in terms of starting knowledge and
demographics). Something that the 7th grade team is doing is working very well with
these students.

o We cannot tell which group of students is highest achieving. SGP is all about student
growth relative to peers. It could be the case that the 6th grade students are the highest
achieving, or it could be the 7th grade students. Although both proficiency rates and SGP
use student test data, that does not mean you will get the same results from these two
measures.

o This will of course depend on how you approach data at your schools. SGP can be most
powerful when used with other data, so perhaps a data retreat or other existing data
analysis opportunities would be useful to investigate this data to uncover more about
the teaching going on in your building. Emphasize and celebrate areas of success. In this
school, the 7th grade team is making a lot of academic growth with their students. The
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8th grade team is on track (the 8th grade students grew at a rate of similar students from 
across the CORE districts). When looking at the 6th grade SGP, make sure this is not 
about “naming, blaming, and shaming”. As a building of professional educators, think 
about how you can use this data to “uncover, discover, and recover”. How can we better 
support our 6th graders next year? 

o [Animate in green call-out box]

ACTIVITY – SLIDE 14 

● As you look at your own results, keep the following questions and topics in mind to make
meaning of your results.

● [Contents on slide]
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In a broad sense, a growth model is designed to measure the effect of the 
education system on student growth.  

In this graphic here, we can see there are many factors that might contribute to 
student growth.

Factors such as student starting knowledge, the impact of the education system, 
student characteristics, family resources, and test characteristics – like 
measurement error and how accurate and aligned the test is – might have an 
impact on an analysis of how much student growth might occur for any particular 
student.
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In the CORE Academic Growth Model, we use statistical technique to isolate the 
impact of educators on student assessment score growth separate from these non-
school factors. 

The goal is to use a method to measure what educators are contributing to student 
assessment score growth and give credit for that growth.
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In order to unpack that methodology, we are going to go through the Oak Tree 
Analogy, an introduction to growth metrics. 
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[Transition slide]
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In this Oak Tree Analogy, there is a scenario where we have two gardeners: 
Gardener A and Gardener B. 

What we are going to do is evaluate the gardeners’ performance at growing their 
oak trees. 

Each gardener was assigned an oak tree for one year and their job was to maximize 
the height of the tree.

Now we’re going to use a variety of methodologies to evaluate these gardeners as a 
way to introduce the concepts used in different growth metrics.
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Our first method is to measure how high these trees are at the end of the year of 
gardeners’ care, which is one year after the gardeners began tending to the trees. 

[click]

If we use that methodology, Gardener B looks like the more effective gardener 
because the tree that was assigned to Gardener B was higher at the end of the year. 
That is analogous to using an Achievement Model to measure the performance of 
these two gardeners. 
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ACTIVITY
In small groups, discuss what factors are missing from our Gardener Evaluation.
Provide time for groups to discuss and optionally share-out to the larger group. 
Typical answers come in a few categories:

Growth mindset
Starting height
Last year’s height
Do taller / shorter trees grow faster / slower

Factors gardeners CAN NOT change
Soil quality
Sunshine
Weather
Rain
Insect pests

Factors gardeners CAN change
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Fertilizer
Watering
Pruning techniques

If ideas are brought up in the “Factors gardeners CAN change” category, it may be 
strategic to discuss why a measurement of gardener performance should NOT 
directly adjust for those factors. In essence, we are trying to capture the effectiveness 
of those very things that a gardener could use as strategies. This discussion may work 
better closer to the end of the presentation after the reasoning behind the “Growth 
mindset” and “Factors gardeners CAN NOT change” are fully addressed.
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However, that Achievement Result does not tell the whole story. 

We need to find out the starting height of each tree in order to be fairer to the two 
gardeners.

We want to give credit to the gardeners for what they contributed to tree growth. 

We can look back at our record and see that Gardener A’s tree started at 47 inches 
one year ago and is now 61 inches, and Gardener B’s started at 52 inches and now it 
is 72 inches. 
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In our second method, we use simple subtraction to compare the starting height to 
the ending height.

[click]

Gardener A’s tree grew 14 inches while Gardener B’s tree grew 20 inches. 

In this methodology, there is more growth for Oak B, so it looks like Gardener B is 
the more effective gardener. That is analogous to using a Simple Growth Model to 
measure the performance of these gardeners. 

However, there may be other factors to consider as well.
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We want to consider other factors outside of the gardener’s influence when we are 
measuring the contribution of the gardeners themselves. 

What we have right now is an apples-to-oranges comparison since there might have 
been different characteristics that these oak trees experienced during this year.

In this analogy, we picked three hypothetical environmental factors to examine: 
Rainfall, Soil Richness, and Temperature.
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If we look at the different characteristics for these trees and what they have 
experienced during this past year, we can see Oak Tree A had high rainfall, low soil 
richness, and high temperature while Oak Tree B had the opposite set of 
characteristics.
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To isolate what the gardeners contributed to growth, we need to determine how 
much those external factors affected the growth of those trees.

For example: Gardener A did not choose to have a high rainfall area. High rainfall 
was something that happened to Oak A beyond the gardener’s control. We will 
adjust for rainfall when measuring gardener impact on the growth of those trees.

How are we going to go about doing that? We analyze the real data from the region 
to predict tree growth based on various characteristics.

For example, we might find that, on average, trees with high rainfall tended to grow 
3 inches faster than average, and trees with low rainfall tended to growth 5 inches 
slower than average.
This will tell us how much different factors affected tree growth so we can give 
credit to the gardeners for their contribution.

We compare the actual height of the trees to the statistical prediction that is 
customized for each tree’s environmental characteristics to determine if the 
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gardener’s effect on tree growth was above or below average.
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After analyzing data to determine trends and subsequent adjustments, we are going 
to come up with a prediction customized for each tree based on its growing 
conditions. 

When we are done making all of those adjustments, we will have an apples-to-
apples comparison of the gardeners’ effect. 

In the first stage, we make an initial prediction on the height of the trees based on 
the starting height.

In this case we find that, oak trees that started at 47 inches one year ago today 
tended to grow 20 inches on average in this region.

Therefore, 20 inches of growth becomes our initial prediction for Oak Tree A. 

On the other hand, for Oak Tree B we would look at all the trees that started at a 
height of 52 inches and find out their average growth. 
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In this hypothetical data we might find that those trees tended to grow 22 inches.

Therefore, 22 inches of growth becomes our initial predication for Oak Tree B.

Now we are going to start refining it further for each oak tree based on its conditions.
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The first environmental factor we are going to adjust for is rainfall. 

We are adjusting in an attempt to make a level playing field for these two 
gardeners.

Our gardeners did not have any choice for how much rain their oak trees received.

Gardener A’s tree had high rainfall. If you remember back a few slides we looked at 
a trend for the region and found out on average that trees that have high rainfall 
tend to grow 3 extra inches. 

So Oak Tree A’s prediction has increased by 3 inches - it used to be 67, now it is 70 
inches to account for that external factor of rainfall on the growth of the tree. 

Similarly, Gardener B’s tree had low rainfall so we are going to compensate for that 
low rainfall by bumping down the prediction by 5 inches due to the trend that we 
saw for low rainfall trees in the region.
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We keep adjusting our prediction further for soil richness…
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… And temperature. Again, each of those adjustments come from real data in the 
region. 
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After adjusting for all of these characteristics, we have come to a level playing field 
for our two gardeners and their trees. 

Our final predicted height for Oak Tree A is 59 inches and our final predicted height 
for Gardener B’s tree is 76 inches. 

That is after we have accounted for the starting height and the difficulty of making 
growth based on that starting height, as well as rainfall, soil richness, and 
temperature. 
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Now that we have that customized prediction for each oak tree, we are going to 
compare that to the actual height that the gardeners were able to achieve with 
their trees after a year of care. 

So our third method compares the prediction to the actual height. 

[click]

We can see that Gardener A actually ended up beating the prediction by 2 inches. 

Gardener B’s tree ended up not meeting its prediction by 4 inches. 

By accounting for last year’s height and environmental conditions for the last year, 
we have isolated the gardeners’ contribution to the growth of those trees. 

This is analogous to a Growth Model with Context Adjustments, such as the CORE 
Academic Growth Model. 
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In this case, Gardener A has an above average effect and Gardener B has a below 
average effect.
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In our analogy, we only used a single tree. However, it is important to note that 
every tree counts in this group measure. We need to have whole groups of trees to 
isolate the gardeners’ effect.
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In the analogy, our goal was to measure the performance of gardeners. In the CORE 
Academic Growth Model, our goal is to measure the impact of educators in Math 
and English Language Arts on student assessment score growth as one of multiple 
measures in the School Quality Improvement Index. 

It is important to note that in the analogy our goal was not to measure the 
performance of trees. Similarly, in the CORE Academic Growth Model our goal is not 
to measure the performance of individual students. We are using student data in 
order to assess the impact of the education system.
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The outcome that we are using in the tree analogy is the growth of tree height in 
inches from one year to the next. In the CORE Academic Growth Model, we are 
using the student test scores from one year to the next. 

36



What about adjustments? 

In the analogy, we made adjustments for Starting Height – and subsequently if it is 
harder or easier to make growth based on the height of the tree – as well as 
adjustments for Rainfall, Soil Richness and Temperature. 

In the CORE Academic Growth Model, we are making adjustments for Prior Test 
Score History - if it is harder or easier to make growth based on a student’s starting 
point in the test scale. Typically, we find that students higher in the test scale do not 
grow as many points on the assessment as students lower in the scale. By adjusting 
for that, the CORE Academic Growth Model is fairer in its measurement of educator 
contribution to growth.

We are also adjusting for Economic Disadvantaged Status, Disability Status (and 
severity level), English Learner Status, Homelessness Status, and Foster Status with 
that same goal of making an apples-to-apples comparison of educators serving 
different student populations.

37



Not only are these adjustments made at the student level, but the CORE Academic 
Growth Model also adjusts for concentration of these characteristics within the 
school.
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Let’s take a look at this another way:

On the left is a student who exceeded their prediction by 5 points.

On the right is a student who did not meet their prediction by 4 points.

The CORE Academic Growth Model takes into account the degree to which a 
student met or did not meet their prediction rather than just a “yes” or “no” on 
whether it was met.

39



In the analogy, gardener rating was based on the average effect on a group of trees.

In the CORE Academic Growth Model, school rating is based the average effect on a 
group of students.
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[main points on slide]

Note: specific numbers on this slide for adjustments are for illustrative purposes, 
the actual adjustment amounts are calculated each year and for each grade/subject 
independently and reflect the actual observed trends across the CORE districts
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[main points on slide]

On the left is a student who exceeded their prediction by 5 points

On the right is a student who did not meet their prediction by 4 points

The CORE Academic Growth Model takes into account the degree to which a 
student met or did not meet their prediction rather than just a “yes” or “no” on 
whether it was met

Note: “Prediction” is being used in the statistical sense of the word. These 
“predictions” are made after all outcome data is already received and processed 
rather than a forward-looking forecast about how a particular student might do on 
the next test. In reality, a “prediction” should be thought about as typical growth for 
students with a similar starting point and characteristics.
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[main points on slide]

On the left is a school where students on average tended to exceed their 
predictions by a wide margin – on average, by a little over 3 points on the test. This 
is interpreted as the school having an above average impact on students’ growth, 
meaning this school will have an SGP well above 50.

On the right is a school where students on average tended to not meet their 
predictions by a small amount – on average, they grew about one point slower on 
the test. This is interpreted as the school having below average impact on students’ 
growth, meaning this school will have an SGP slightly below 50.
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[main points on slide]

These are four hypothetical example schools.

In School 1, most students are growing quite a bit slower than similar students 
across CORE, which results in this school’s SGP being low in the scale.

In School 2, students are growing on average just under typical growth for similar 
students, which results in this school’s SGP being slightly below 50.

In School 3, students are growing on average a little faster than similar students 
across CORE, which results in this school’s SGP being slightly above 50.

In School 4, most students are growing far faster than similar students across CORE, 
which results in this school’s SGP being high in the scale.

[NOTE: The next few slides overlap with content from the “Results Interpretation” 
deck – skip if you plan to use that presentation too]
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SGP on the 0-100 scale is converted to the CORE’s School Quality Improvement 
Index (SQII) so that 10 percentile points fall within each level.

For example, if a school’s SGP result is “35”, it falls within the 30th to 39th percentile 
in Level 4.

Color-coding of results is red for Levels 1-3, orange for 4-7, and green for 8-10.
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Here are three example results with their associated levels and color coding.
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The SGP scale ranges from 0 to 100.

Results can be provided overall across grade levels or for specific grade-level teams.

Orange results mean the grade-level team is producing typical growth for their 
students.

Green results mean the grade-level team is producing faster-than-average growth 
for their students.

Red results mean the grade-level team is producing slower-than-average growth for 
their students – it DOES NOT mean that these students lost knowledge.
These results already have context adjustments taken into account – these are 
“apples-to-apples” comparisons that take into account students starting point, 
English Learner status, etc.
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[main points on slide]
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SGP ranges from 0 to 100.

An SGP close to 50 represents educators are producing typical growth based on the 
growth of similar students across CORE (school impact is about average).

A higher SGP indicates educators are producing faster-than-average growth for their 
students (school impact is above average).

A lower SGP indicates educators are producing slower-than-average growth for their 
students (school impact is below average).

A red result DOES NOT mean that students lost knowledge – it means that at this 
school, students are growing at a slower rate than similar students across CORE.

These results already have context adjustments taken into account – these are 
“apples-to-apples” comparisons that take into account students starting point, 
English Learner status, etc.
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[main points on slide]

These are four hypothetical example schools.

In School 1, most students are growing quite a bit slower than similar students 
across CORE, which results in this school’s SGP being low in the scale.

In School 2, students are growing on average just under typical growth for similar 
students, which results in this school’s SGP being slightly below 50.

In School 3, students are growing on average a little faster than similar students 
across CORE, which results in this school’s SGP being slightly above 50.

In School 4, most students are growing far faster than similar students across CORE, 
which results in this school’s SGP being high in the scale.

[NOTE: The next few slides overlap with content from the “Results Interpretation” 
deck – skip if you plan to use that presentation too]
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SGP on the 0-100 scale is converted to the CORE’s School Quality Improvement 
Index (SQII) so that 10 percentile points fall within each level.

For example, if a school’s SGP result is “35”, it falls within the 30th to 39th percentile 
in Level 4.

Color-coding of results is red for Levels 1-3, orange for 4-7, and green for 8-10.
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Here are three example results with their associated levels and color coding.
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The SGP scale ranges from 0 to 100.

Results can be provided overall across grade levels or for specific grade-level teams.

Orange results mean the grade-level team is producing typical growth for their 
students.

Green results mean the grade-level team is producing faster-than-average growth 
for their students.

Red results mean the grade-level team is producing slower-than-average growth for 
their students – it DOES NOT mean that these students lost knowledge.
These results already have context adjustments taken into account – these are 
“apples-to-apples” comparisons that take into account students starting point, 
English Learner status, etc.
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Here are Mathematics and ELA results for a hypothetical school
GROUP ACTIVITY

[questions on slide]
Answers:

In Mathematics:
All grade levels are making above average growth with their students

In ELA:
The 4th grade team is making above average growth with their 
students
The 5th grade team is making average growth with their students
The 6th grade team is making below average growth with their 
students
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Here are ELA results for a hypothetical school
EXPLAIN TO YOUR NEIGHBOR

[questions on slide]
Note: wait to animate in the green call-out box

Answers will vary, here are some ideas to guide conversation:
According to these growth results, the 7th grade team is most effective at 
growing their students. The SGP is above 50 and our bubble color is green. 
This indicates that these students are growing faster than similar students (in 
terms of starting knowledge and demographics). Something that the 7th

grade team is doing is working very well with these students.

We cannot tell which group of students is highest achieving. SGP is all about 
student growth relative to peers. It could be the case that the 6th grade 
students are the highest achieving, or it could be the 7th grade students. 
Although both proficiency rates and SGP use student test data, that does not 
mean you will get the same results from these two measures.

This will of course depend on how you approach data at your schools. SGP 
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can be most powerful when used with other data, so perhaps a data retreat or 
other existing data analysis opportunities would be useful to investigate this 
data to uncover more about the teaching going on in your building. Emphasize 
and celebrate areas of success. In this school, the 7th grade team is making a 
lot of academic growth with their students. The 8th grade team is on track (the 
8th grade students grew at a rate of similar students from across the CORE 
districts). When looking at the 6th grade SGP, make sure this is not about 
“naming, blaming, and shaming”. As a building of professional educators, think 
about how you can use this data to “uncover, discover, and recover”. How can 
we better support our 6th graders next year?

[Animate in green call-out box]
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[Contents on slide]

Note: The SGP results for each subgroup compare those students’ growth to other 
students with similar characteristics. In the example noted, it does not mean that 
the “Students with Disabilities” group is growing faster than the “All Students” 
group, instead it means that at this school, the “Students with Disabilities” group is 
growing faster than other “Students with Disabilities” across the CORE District after 
we take into account their stating point and other characteristics.
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Another way to look at growth results is in conjunction with other student data.

For example, educators can gain a more complete picture of student learning by using the power of two measures: achievement and growth.

Both achievement and growth use student test scores, but are different ways of analyzing these data.

Achievement compares students’ performance to a standard.

Example: Jimmy is a 4th grader and there is a standard set that we want all 4th graders to achieve. Jimmy either meets or does not meet that standard when he takes the test.

Achievement does not factor in students’ background characteristics.

Example: Whether Jimmy qualifies for SPED or not, is an English Learner or not, (etc.), there’s a standard we want all 4th graders to achieve (high expectations for all kids).

Achievement measures students’ performance at a single point in time.

When Jimmy takes the 4th grade test, it doesn’t just measure what he learned in 4th grade. It’s measuring everything Jimmy has learned in his life up until that point. That means 3rd grade, 2nd grade, 1st grade, 
Kindergarten, Pre-school, knowledge from his parents & siblings, things he learned on PBS and online, etc.

Achievement is critical to students’ post-secondary opportunities.

Example: We want to know along the way if Jimmy is on track to achieve at an appropriate “college and career ready” level of achievement by graduation time.

There’s another way to analyze this data to answer different questions.

When the question is not about the student, but instead is about the effectiveness of educators, we need to consider additional information.

To start, growth measures students’ individual academic growth longitudinally.

Example: Jimmy takes a test at the end of 3rd grade and another test at the end of 4th grade. We can measure the growth that occurred between those two tests to determine how much Jimmy grew academically during 
the 4th grade school year.

Growth factors in students’ background characteristics outside of the school’s control.

Example: We know that different kids bring different resources with them to the classroom. With growth analysis, our goal is to use real data to determine what external factors have an effect on student growth so we 
can account for those factors. An example is special education. We would use real data to determine if SPED students grew faster or slower than non-SPED students and incorporate that into the analysis. When 
measuring the impact of a particular school, we would then be able to fairly evaluate the academic growth of the students by comparing their growth to similar students.

Growth measures the impact of the education system on academic growth.

Example: By controlling for things like SPED, we can account for these factors to isolate the impact of educators on the academic growth of students.

Growth is critical to ensuring all students’ future academic success.

Example: Consider the incentive under achievement models to teach to the “bubble kids”

Bubble Kids – Under most proficiency models, there is a relatively arbitrary line that students need to pass for a school to get credit for in an accountability system.
Think about the incentive structure here – with limited time and resources, these systems are set up to emphasize getting kids above this mark.

If a student is 3 grade levels behind at the beginning of the year and a teacher moves this student to 1 grade level behind by the end of the year, this teacher gets no credit in a traditional proficiency model.

If a student is 1 grade level ahead at the beginning of the year and a teacher gets the student to 3 grade levels ahead by the end of the year, the teacher gets no additional credit since the student was already above the 
line to start with.

With a growth model, you get credit for moving a student in scale score points rather than moving proficiency buckets. This aligns with the goals of education – taking kids at far as possible given their starting knowledge.
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Achievement and growth scatterplots are a way to visualize these two pieces of data 
together

Along the y-axis, we can see how much students know.

Along the x-axis, we can see how much students grow relative to their peers.
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[read descriptions of schools in each area of the scatterplot]
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As you look at your own results, keep the following questions and topics in mind to 
make meaning of your results.
[Contents on slide]
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INTRODUCTION 
This report describes technical aspects of the CORE growth model of 2015-16 estimated by 
Education Analytics. The report describes the statistical model and methods used to measure 
growth in the CORE districts. It also includes the parameters of the growth model and measures 
of the reliability of the growth estimates.  

MODEL FRAMEWORK 
The growth model used in CORE can be expressed statistically using the following equations: 

Student achievement: = + + + + + +  (1) 

Posttest measurement error: = +  (2)  

Same-subject pretest measurement error: = +  (3) 

Other-subject pretest measurement error: = +  (4) 

where: 

  is true posttest achievement by student i in school j;
  is true pretest achievement by student i in school j in the same subject as the

posttest;
  is true pretest achievement by student i in school j in a different subject (math in

models of English language arts achievement, and vice versa) from the posttest;
  is a vector of characteristics of student i;
  is a vector of characteristics of school j;
  is the effect of school j;
  is the unexplained component of true posttest achievement of student i in school j;
 , , and  are measured posttest, same-subject pretest, and other-subject

pretest achievement for student i in school j; and
 , , and  are measurement error in posttest, same-subject pretest, and other-

subject pretest achievement for student i in school j.

Equation (1) models current student achievement as a linear function of prior student 
achievement, student characteristics, school characteristics, and school assignment.  Equations 
(2) through (4) model the measurement error in the pretest.  Substituting equations (2) through
(4) into equation (1) yields the following model of measured student achievement:
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Measured achievement: = + + + + + +  (5) 

where the error term  is equal to: 

Residual of measured achievement: = + − −  (6) 

This error term only includes not only the unexplained component  of true posttest 
achievement , but also the measurement error components , , and  of the 
measured test scores , , and . 

VARIABLES INCLUDED IN THE GROWTH MODEL 
The posttest variable in the growth model is the Smarter Balanced (SBAC) assessment in math 
or English language arts.  This is the outcome variable  described in the modeling equations 
above.  The model is estimated separately by subject and by the grade of the student at the 
time of the posttest, covering grades 4 through 8 and grade 11.  In models in which the posttest 
is administered in grades 4 through 8, the pretests are SBAC assessments in math and English 
language arts administered in the previous grade.  In models in which the posttest is 
administered in grade 11, the pretests are CAHSEE assessments in math and reading 
administered in grade 10.  All models estimated include both math and reading/ELA pretests.  
These are the pretest variables  and  described in the modeling equations above. 

All models also control for disability, English language learner, economic disadvantage, foster 
care, and homelessness at the student level.  These are the variables that make up the vector 

 in the modeling equations above.  English language learner status enters the model as four 
indicator variables: one for beginning and early intermediate level (ELD levels 1 and 2); another 
for intermediate level (ELD level 3); a third for early advanced and advanced levels (ELS levels 4 
and 5), and a fourth for English language learners whose level is unavailable.  Disability enters 
the model as two indicators: one for students with moderate disabilities (defined as learning 
disability and speech and language disability) and another for students with more severe 
disabilities (defined as all other types of disability).  Economic disadvantage, foster care, and 
homeless all enter the model as single binary indicator variables. 

The model also controls for the means by school of the pretests  and  and the student 
characteristics .  These are the only school-level variables in the model, and are the school-
level variables  in the above modeling equations. 
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THE SAMPLE 
The sample for any given model is made up of only students with measured scores for the 
posttest and both pretests.  It is also limited to students who are continuously enrolled in a 
single school in the posttest year, with continuous enrollment defined as student enrollment 
from Fall Census Day (first Wednesday in October) to the first day of testing without a gap in 
enrollment of more than thirty consecutive days.   

ESTIMATING THE GROWTH MODEL 
Equation (5) includes student-level variables, school-level variables, and individual school 
effects among its right-hand-side variables.  To accommodate this combination of variables, 
equation (5) is split into two separate equations: 

Student-level: = ∗ + + + + ∗ +  (5') 

School-level: ∗ = ∗∗ + +   (5") 

where the sum of the intercepts ∗ and ∗∗ is equal to the overall intercept .   

Equations (5') and (5") can be estimated in sequence to produce consistent estimates of the 
parameters in equation (5).  First, equation (5') can be estimated as an errors-in-variables 
regression of measured posttest  on measured pretests  and , student 
characteristics , and fixed school effects. This regression is estimated over a data set in which 
the student is the unit of observation.  Second, equation (5") can be estimated as an ordinary 
least squares regression, with the fixed school effects estimates of ∗ from the previous 
regression as its left-hand-side variable and a vector of school characteristics  as its right-
hand-side variable.  This regression can be estimated over a data set in which the school is the 
unit of observation, using the number of students in the school Nj as a weight.  The residuals 
from this second regression are estimates of the school effects .  The standard error of these 
estimates (dubbed ) can be estimated by dividing an estimate of the variance of the error 
term  across all students by the number of students in the school Nj.  In practice, the model 
was estimated using a slightly different set of steps that yields identical results to the method 
described above. 

ERRORS-IN-VARIABLES REGRESSION 
If the equation (5') is estimated using ordinary least squares, the coefficient estimates will be 
biased because some of its right-hand-side variables, specifically the pretests, are measured 
with error (Meyer, 1996; Meyer, 1999).  As a result, an errors-in-variables model described in 
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Fuller (1987) is employed to produce consistent estimates of the coefficients and fixed effects 
in (5').  An errors-in-variables model uses estimates of the variance of measurement error to 
account for measurement error in right-hand-side variables.  In models in which the posttests 
are administered in grades 4 through 8, the variance of measurement error for the SBAC 
pretests is computed as the average of the squared standard errors of measurement (SEMs) of 
the pretests across the regression sample.  In models in which the posttests are administered in 
grade 11, both of the CAHSEE pretests are assumed to have a reliability of 0.9, which implies 
that the variance of pretest measurement error is equal to 0.1 times the variance of the 
pretest. 

SHRINKAGE 
The school fixed effect estimates  from the estimated regression (5") are consistent estimates 
of the effects of individual schools on student achievement, controlling for prior achievement, 
student characteristics, and school characteristics.  However, it will frequently be the case that 
smaller schools will be overrepresented among the highest and lowest estimated values of .  
This is because the estimates for smaller schools are based on the growth of a smaller number 
of students and, as a result, will be more likely to be very high or very low as a result of 
randomness.   

To account for this, an Empirical Bayes shrinkage approach was applied to the  estimates.  
This shrinkage approach produces a prediction of the school effect  that minimizes expected 
mean squared error given both the fixed-effects estimate  and the distribution across all 
schools of the school effects .  The practical effect of this shrinkage approach is to "shrink" 
the growth estimates of schools with smaller numbers of students toward the average school 
effect.  The specific shrinkage approach used is a simple univariate formula for a variable with a 
mean of zero,  =  [ /( + )] , where  is an estimate of the variance of  across 
schools and  is the square of the estimated standard error of .  The variance estimate  is 
computed by measuring the difference between the variance of the school fixed effects 
estimates  and the mean of the squared standard errors  across schools. 

STANDARDIZATION 
Both the unshrunk and shrunk growth measures are standardized by dividing them by the 
square root of the variance estimate, .  This standardization puts school-level growth 
measure on a distribution where the mean school effect is zero and a unit is equal to a standard 
deviation of true growth  across schools.  In practice, this puts the vast majority of growth 
measures on a scale between -2 and +2, with the growth measure of an average school equal to 
zero.  We refer to this measure of growth as "tiered" growth. 

A second standardization converted tiered, shrunk growth measures to percentile equivalents 
using the inverse standard normal cumulative distribution function.  These percentile 
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equivalents are equal to what the percentile rank of the growth measure would be assuming 
that school growth is normally distributed within grade and subject. 

DIFFERENTIAL EFFECTS 
Growth measures for student subgroups within schools are also produced in addition to the 
overall growth measures described above.  Subgroup measures are produced by race (Asian, 
Black, Filipino, Hispanic, Pacific Islander, Multiracial, Native American, White, and race missing), 
English language learner (ELL, not ELL), disability (with disability, without disability) and 
economic disadvantage (economically disadvantaged, not economically disadvantaged).  The 
analysis that produces subgroup growth measures is conducted separately for each class of 
subgroups.  In other words, the subgroup analysis conducted for the set of race subgroups is 
separate from the analysis conducted for the set of disability subgroups. 

To produce the subgroup growth measures, we first produce individual growth measures equal 
to the sum of the unshrunk school growth estimate  and the student-level residual estimate 
̂ .  These individual growth measures are averaged across students by school and subgroup to 

produce an unshrunk growth measure  for subgroup s within school j.  Finally, a multivariate 
shrinkage approach that takes into account the correlation in growth across subgroups within 
schools is employed to produce shrunk growth measures  for subgroup s within school j. 

AGGREGATION 
The steps described above yield results at the subject and grade level for each school.  To 
compute overall, school-level measures, the unshrunk, tiered growth measures for each school 
and subject were averaged across grades to the elementary, middle-school, and high-school 
levels.  These results, like the results for individual grades, were then shrunk using Empirical 
Bayes shrinkage, normalized to "tiered" growth measures, and converted to the percentile 
distribution using the inverse standard normal cumulative distribution function. 

Subgroup results were normalized using analogous steps.  Unshrunk, tiered growth measures 
for each school, subject, and subgroup were averaged across grades.  These averaged results 
were shrunk using a multivariate shrinkage approach that took into account the correlation of 
growth across subgroups within schools.  The shrunk results were then tiered and converted to 
the percentile distribution in the same way as the overall, non-subgroup results. 
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THREE METHODS 
The growth model is measured using three different approaches, referred to as Models A, B, 
and C: 

 Model A does not include controls for the student characteristics in Xi or the school
characteristics in Zj.  The only controls in Model A are the previous year's achievement in
math and ELA.

 Model B includes the controls for the student characteristics in Xi but not the classroom
characteristics in Zj.

 Model C includes both Xi and Zj in the specification.

Note that j
* = j in all approaches other than Model C, which is the only approach where the 

school-level equation (5") is necessary.  The differences among the models can be illustrated 
using the following table: 

Includes pretests to 
control for prior 
achievement 

Includes student 
characteristics 
other than pretests 

Includes school averages of 
pretests and student 
characteristics 

Model A X 

Model B X X 

Model C X X X 

We calculated correlation results between all three models. Models A and B had the highest 
correlations. Both of these models’ results also had high correlations with Model C, so the 
consistency of model results holds between model specifications. 

Subject Grade Correlation A-B Correlation A-C Correlation B-C 

ELA 4 0.997 0.969 0.980 

ELA 5 0.997 0.987 0.994 

ELA 6 0.998 0.981 0.984 

ELA 7 0.998 0.926 0.935 

ELA 8 0.999 0.972 0.975 

ELA 11 1.000 0.909 0.914 

ELA Overall 0.998 0.958 0.964 
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Subject Grade Correlation A-B Correlation A-C Correlation B-C 

Math 4 0.999 0.961 0.972 

Math 5 1.000 0.961 0.966 

Math 6 0.999 0.977 0.977 

Math 7 0.999 0.950 0.958 

Math 8 0.999 0.977 0.978 

Math 11 0.999 0.820 0.842 

Math Overall 0.999 0.944 0.951 

Overall Overall 0.999 0.951 0.958 

MODEL SELECTION CRITERIA 
The next section describes some technical metrics for growth models along with some 
preliminary recommendations for what is high and low quality. In discussion with the CORE 
technical advisory committee, the decision was made to use a neutral model to ensure that 
growth was not correlated with any of the controlled variables. As the table below shows, 
model c has the lowest neutrality correlations of any of the models. Since any of the models 
satisfies the other criteria laid out in this report (reliability, predictive power, etc.) model c was 
chosen as the CORE growth model because of its neutrality properties. 

MODEL NEUTRALITY 
We calculate correlations between growth estimates and school-level pretest/demographic 
covariates. This is a method for validating whether the variables we include on the right-hand 
side of our regression adequately control for school-level factors influencing growth percentile 
estimates. These correlations we deem “model neutralities”; the higher the correlation 
magnitude, the higher the level of “non-neutrality” for that particular covariate. In our 
modelling specification we do not include racial or ethnic demographics, but we do correlate 
school estimates with them to ensure model neutrality with respect to these variables.  

We also draw a distinction between errors of covariate inclusion and exclusion: what we label 
errors of omission and commission. An error of omission is the same as omitted variable bias in 
classic regression analysis. Estimation results are inconsistent due to correlation between 
omitted right-hand side regressors and the model error term.  This error can occur in Model A 
for not having included student-level demographics, or in Model A or Model B for not having 
included school-wide averages of prior achievement or demographics.  For instance, if we do 
not control for school-wide averages of prior achievement, we could be potentially ignoring 
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peer effects, i.e., the effect that having higher-achieving peers may have on student 
achievement.   

An error of commission, conversely, ascribes too much predictive power to included covariates. 
It essentially papers over true differences in school quality by ascribing these differences to 
included covariates. This error can occur in Model C because of the presence of school effects 
in the second level of the regression. For instance, if we control for school-wide averages of 
economic disadvantage, we could potentially be ignoring the possibility that schools with higher 
proportions of economically disadvantaged students produce lower student growth in test 
scores than schools with lower proportions of economically disadvantaged youth. This may be 
due to more inexperienced teachers being assigned to schools in low-income areas, resources 
available at the school, or for other reasons. Crucially, these true differences in student growth 
will not be evident from the results in Model C because they are covered up by the school 
averages in a model that implicitly assumes that school-level averages and teacher assignments 
have nothing to do with each other. 

CORRELATION OF MODEL VARIABLES 
Subject School Composition Variable Model A Model B Model C 

ELA Economic Disadvantage -0.092 -0.082 -0.001

ELA ELL -0.075 -0.054 -0.002

ELA Foster -0.048 -0.051 -0.014

ELA Homeless -0.019 -0.013 0.001 

ELA SPED Moderate -0.034 -0.016 0.006 

ELA SPED Severe -0.031 -0.023 -0.007

ELA Pre test same subject 0.070 0.075 -0.001

ELA Pretest Math 0.085 0.092 -0.002

Subject School Composition Variable Model A Model B Model C 

Math Economic Disadvantage -0.180 -0.152 -0.001

Math ELL -0.122 -0.105 -0.002

Math Foster -0.041 -0.040 -0.006

Math Homeless -0.033 -0.032 0.003 

Math SPED Moderate -0.055 -0.043 0.004 

Math SPED Severe -0.021 -0.018 -0.009

Math Pre test same subject 0.137 0.120 0.000 

Math Pretest ELA 0.180 0.163 0.001 
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CORRELATION WITH DEMOGRAPHICS NOT IN MODEL 
Subject School Composition Variable Model A Model B Model C 

ELA % Asian 0.06 0.071 -0.009

ELA % Black -0.095 -0.109 -0.102

ELA % White 0.045 0.035 -0.020

ELA % Hispanic -0.028 -0.021 0.063 

ELA % Native -0.005 -0.01 -0.005

ELA % Islander -0.048 -0.049 -0.059

ELA % Filipino 0.057 0.054 0.020 

ELA % Multi -0.005 -0.011 -0.049

ELA % Missing 0.026 0.026 0.026 

MODEL FIT 
The purpose of using growth measures at the school level is to isolate the impact of schools on 
student achievement from other, non-school factors.  The motivation is that controlling for 
prior student achievement and demographics will better pinpoint the effects of schools.  We 
expect effective control variables to be good predictors of the student achievement outcome. 

The table below presents an R-squared measure that specifically addresses the extent to which 
prior achievement and demographics predict current student achievement.  Specifically, the R-
squared measure presented below is equal to the proportion of the variance of achievement 
across students in the same schools that can be explained by variance in the student-level 
control variables in the model.  A within-school fit measure is employed to specifically isolate 

Subject School Composition Variable Model A Model B Model C 

Math % Asian 0.189 0.182 0.091 

Math % Black -0.106 -0.107 -0.085

Math % White 0.107 0.087 -0.023

Math % Hispanic -0.141 -0.12 0.004 

Math % Native -0.028 -0.029 -0.025

Math % Islander -0.006 -0.006 -0.005

Math % Filipino 0.097 0.085 0.025 

Math % Multi 0.018 0.002 -0.064

Math % Missing -0.013 -0.012 -0.011
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the explanatory power of the control variables in a way that does not include the explanatory 
power of the school effects. 

EA suggests thresholds of between 0.5 and 0.85 on measures of predictive power. If predictive 
power is too low (<0.5), it may be the case that the pretests and demographic controls are not 
sufficiently controlling for non-school factors to measure the impacts of schools.  If predictive 
power is too high (>0.85), then it may be the case that the pretests and demographics are so 
predictive of the posttest that the posttest does not reflect the impacts of schools on student 
achievement. 

The table below presents within-school R-squared measures for each grade and subject.  In 
general, the fit of the model is very good.  For example, about 76 percent of the variance of 
fourth-grade math achievement within schools is explained by variance in third-grade math and 
reading achievement and student demographics.  Of particular interest are the model fit 
statistics for the 11th grade models, which use different assessments for the pretest (CAHSEE) 
and the posttest (SBAC).  While the fit is lower in these models than in the elementary grades, it 
is still quite good.  For example, about two-thirds of within-school variance in the 11th grade 
SBAC in English language arts can be explained with variance in the 10th grade CAHSEE and 
student demographics. 

Note that within-school R-squared is the same between Model B and Model C.  This is because 
the only difference between Models B and C is that Model C includes controls for across-school 
variation, while Model B does not.  Since within-school R-squared measures model fit within 
schools, the values between Models B and C will be identical. 

WITHIN SCHOOL AND BETWEEN SCHOOL VARIATION 
Subject Grade Within R^2 Model A Within R^2 Models B and C 

SBAC ELA Grade 04 2016 Spring 0.712 0.716 

SBAC ELA Grade 05 2016 Spring 0.742 0.745 

SBAC ELA Grade 06 2016 Spring 0.729 0.733 

SBAC ELA Grade 07 2016 Spring 0.741 0.742 

SBAC ELA Grade 08 2016 Spring 0.761 0.762 

SBAC ELA Grade 11 2016 Spring 0.651 0.652 

SBAC Math Grade 04 2016 Spring 0.754 0.755 

SBAC Math Grade 05 2016 Spring 0.762 0.763 

SBAC Math Grade 06 2016 Spring 0.764 0.768 

SBAC Math Grade 07 2016 Spring 0.816 0.816 

SBAC Math Grade 08 2016 Spring 0.786 0.787 

SBAC Math Grade 11 2016 Spring 0.716 0.717 
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RELIABILITY OF GROWTH MEASURES 
We refer to model reliability as the proportion of variance in measured growth that is 
attributable to the underlying effects of schools rather than statistical noise. This definition is 
akin to estimation of a signal-to-noise ratio, or the proportion of true variance to total variance. 

We suggest a bottom threshold for reliability of 0.5 or greater. This threshold can be framed as 
at least half of the variance in growth results representing true differences in school quality. A 
reliability lower than 0.5 implies that there is more statistical noise, arising from factors like 
small schools or unreliable assessments, than there is measurement of true school effects in 
our data.  A high result may imply a model failure in conjunction with low predictive power as 
described in the earlier discussion of model fit. In this case the model may be very reliably 
measuring attainment rather than school impact. 

We define school variance as the amount of true differentiation between schools. We set 
thresholds of standard deviations of less than 0.05 and greater than 0.25 for schools. Results 
lower than 0.05 may result from the poor alignment of assessments and course curricula. It 
may also be evidence that schools do not follow the recommended sequence of course topics. 
Results that exceed the 0.25 threshold suggest outsized school impacts that do not fall in line 
with the literature on school value-added. 

The table below presents measures of the reliability and variance of the growth measures 
produced by the CORE growth model.  The first four columns of numbers are all measured in 
units of standard deviations of the posttest.  The first column, the variance of estimates, is the 
variance of the estimated unshrunk growth measures across schools.  This includes variance in 
true growth across schools as well as variance from estimation error in the growth measures.  
The second column is a measure of the variance from estimation error in the growth measures, 
and is equal to the average across schools in the squared standard errors of the growth 
measures.  The third column is an estimate of the variance in true growth effects across 
schools, and is the difference between the first and second columns.  The fourth column is the 
square root of the third column.  The fifth column, the reliability of the growth measures, is 
equal to the proportion of total variance in growth measures across schools that is attributable 
to true differences across schools rather than to estimation error.  It is equal to the third 
column divided by the first column. 
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RELIABILITIES 

Model 
Description 

Variance of 
estimates 

Noise 
variance 

Estimate 
of 
variance 

Estimate of 
std. 
deviation 

Reliability 

ELA 04 2016 a 0.028 0.003 0.025 0.157 0.877 
ELA 04 2016 b 0.028 0.003 0.024 0.156 0.877 
ELA 04 2016 c 0.026 0.003 0.023 0.152 0.872 
ELA 05 2016 a 0.025 0.003 0.021 0.146 0.866 
ELA 05 2016 b 0.024 0.003 0.021 0.146 0.867 
ELA 05 2016 c 0.024 0.003 0.021 0.144 0.865 
ELA 06 2016 a 0.035 0.002 0.033 0.181 0.935 
ELA 06 2016 b 0.035 0.002 0.033 0.181 0.937 
ELA 06 2016 c 0.034 0.002 0.031 0.177 0.935 
ELA 07 2016 a 0.022 0.001 0.021 0.145 0.947 
ELA 07 2016 b 0.022 0.001 0.021 0.144 0.946 
ELA 07 2016 c 0.019 0.001 0.018 0.133 0.938 
ELA 08 2016 a 0.016 0.001 0.015 0.123 0.929 
ELA 08 2016 b 0.016 0.001 0.015 0.123 0.930 
ELA 08 2016 c 0.015 0.001 0.014 0.119 0.926 
ELA 11 2016 a 0.037 0.002 0.035 0.188 0.958 
ELA 11 2016 b 0.036 0.002 0.035 0.187 0.957 
ELA 11 2016 c 0.030 0.002 0.029 0.169 0.948 
Math 04 2016 a 0.032 0.003 0.029 0.171 0.905 
Math 04 2016 b 0.032 0.003 0.029 0.169 0.904 
Math 04 2016 c 0.030 0.003 0.027 0.164 0.898 
Math 05 2016 a 0.032 0.003 0.029 0.170 0.907 
Math 05 2016 b 0.032 0.003 0.029 0.170 0.906 
Math 05 2016 c 0.030 0.003 0.027 0.163 0.899 
Math 06 2016 a 0.034 0.002 0.032 0.179 0.939 
Math 06 2016 b 0.034 0.002 0.032 0.179 0.941 
Math 06 2016 c 0.033 0.002 0.031 0.175 0.938 
Math 07 2016 a 0.017 0.001 0.016 0.128 0.939 
Math 07 2016 b 0.017 0.001 0.016 0.127 0.938 
Math 07 2016 c 0.016 0.001 0.015 0.121 0.933 
Math 08 2016 a 0.019 0.001 0.017 0.132 0.934 
Math 08 2016 b 0.019 0.001 0.017 0.132 0.934 
Math 08 2016 c 0.018 0.001 0.017 0.129 0.931 
Math 11 2016 a 0.027 0.001 0.025 0.159 0.947 
Math 11 2016 b 0.025 0.001 0.024 0.155 0.944 
Math 11 2016 c 0.018 0.001 0.016 0.128 0.921 
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STABILITY 
Model results change from year to year. These changes are due to differences in the real 
growth effects of schools, perhaps because of staff turnover, new policy implementation or 
other structural issues within schools and across CORE. Growth estimates will also change 
between years because of measurement issues surrounding assessment and student-level data. 
These issues affect statistical noise and will contribute to differences in model results, year over 
year.  

We estimate school stability by correlating school growth estimates between years. 
Correlations above 0.85 we deem too stable. High correlation magnitudes signal possible 
modeling issues related to our estimates not detecting true changes in school effects or 
measuring something other than school impact. Alternatively, correlations of school growth 
that fall below 0.2 may be considered unstable between years. Low magnitudes suggest that 
our data comprise more noise than information (or that there is severe instability in school 
impact in that sample).  

Because of the two-year gap in testing, and the change from the CST to the  testing format, EA 
and CORE did not calculate school stability correlations. The long gap in student testing 
combined with the switch in scales and formats we believe undermine any useful information 
about appropriate model selection that school stability correlations could impart.  

STUDENT COVERAGE 
Because we expect a large percentage of “testable” students to have pretest and posttest 
scores, we check this expectation using our student-level test data. To construct student (and, 
subsequently, school) growth estimates, we require students in the model to have both a 
pretest and a posttest score.  

In our experience, we are typically unable to include between 6% and 10% of our sample due to 
missing pretests or posttests.  Thus, our threshold for good student coverage is 90% of students 
in our data having both pretests and posttests. If fewer than 80% of students have both 
posttests and pretests, the possibility is greater that the results of the growth model are 
affected by selection bias.  This has the potential to distort the results if higher- or lower-
growth students are disproportionately selecting out of the sample (for example, by opting out) 
by not taking the pretest or posttest.  The table below shows the match rate for each of the 
models CORE-wide. 
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STUDENT COVERAGE TABLE 

Subject Grade Match 
Rate 

ELA 4 94.5% 
ELA 5 94.9% 
ELA 6 93.9% 
ELA 7 93.6% 
ELA 8 94.1% 
ELA 11 93.6% 
ELA overall 94.1% 
Math 4 94.1% 
Math 5 94.6% 
Math 6 93.6% 
Math 7 93.2% 
Math 8 93.8% 
Math 11 93.5% 
Math overall 93.8% 
overall overall 94.0% 

SUMMARY OF MODEL STATISTICS AND CRITERIA 
Below is a summary of the criteria for each metric. We have further subdivided the criteria into 
a “green” within standard band and a “yellow” on the fringe of low quality band. Models that 
fail a particular metric in the “red” band are highly suspect. Models that fall into several yellow 
zones may be low quality.  

Metric Red Yellow Green Yellow Red 

Model Neutrality 

Controlled Variables Correlation NA NA NA NA NA 

Not Controlled Variables Correlation NA NA NA NA NA 

Predictive Power R^2 .00 to .50 .50 to .55 .55 to .75 .75 to .85 .85+ 

Signal to Noise Ratio Reliability .00 to .50 .50 to .60 .60 to .90* .90 to .95 .95+ 

School Variation SD .00 to .05 .05 to .08 .08 to .15 .15 to .25 .25+ 

School Stability Correlation .00 to .20 .20 to .40 .40 to .75 .75 to .85 .85+ 

Student Coverage Proportion .00 to .80 .80 to .90 .90+ NA NA 

* Reliability in theory has no upper bound on quality (more is better) when other metrics are
also green. If other metrics are not green it could indicate a model failure if too high.
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MODEL COEFFICIENTS 
The tables below present the estimated coefficients on the student- and school-level variables 
in growth Models B and C.  The coefficients on the student-level variables were the same across 
Models B and C since estimating Model C involves estimating Model B as a first stage.  The 
coefficients on the school-level variables are only relevant to Model C, since they only enter 
into Model C.  In the notation of the growth model equations at the beginning of this report, 
these are estimates of the coefficients , , , and .  All coefficients are measured in units 
of standard deviations of the posttest.  All coefficients on pretest variables measure the effect 
of a one standard deviation increase in the pretest in units of standard deviations of the 
posttest.  R-squared measures are from the first-stage, student-level regression and include the 
school fixed effects in the explained component. 
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Math 4 Math 5 Math 6 

Coeff. Std. Err. Coeff. Std. Err. Coeff. Std. Err. 

Student-level covariates: 

  Math pretest 0.832 (0.004) 0.812 (0.004) 0.744 (0.005) 

  Reading/ELA pretest 0.064 (0.004) 0.105 (0.005) 0.161 (0.005) 

  ELL (ELD levels 1, 2) -0.038 (0.006) 0.026 (0.007) -0.115 (0.010) 

  ELL (ELD level 3) -0.021 (0.005) -0.012 (0.005) -0.053 (0.006) 

  ELL (ELD levels 4, 5) 0.034 (0.005) 0.004 (0.005) 0.003 (0.005) 

  ELL (level unavailable) 0.040 (0.018) 0.066 (0.018) 0.015 (0.020) 

  Disability (moderate) -0.029 (0.006) -0.028 (0.006) -0.162 (0.006) 

  Disability (severe) -0.051 (0.009) -0.065 (0.009) -0.170 (0.009) 

  Economic disadvantage -0.046 (0.005) -0.026 (0.004) -0.039 (0.005) 

  Foster care 0.018 (0.020) -0.001 (0.021) -0.081 (0.023) 

  Homeless 0.002 (0.010) 0.006 (0.009) -0.020 (0.010) 

School-level averages: 

  Math pretest -0.147 (0.036) -0.208 (0.031) -0.224 (0.055) 

  Reading/ELA pretest 0.105 (0.040) 0.184 (0.036) 0.241 (0.061) 

  ELL (ELD levels 1, 2) -0.102 (0.084) -0.113 (0.118) 0.494 (0.283) 

  ELL (ELD level 3) 0.045 (0.080) 0.146 (0.076) 0.227 (0.167) 

  ELL (ELD levels 4, 5) -0.030 (0.069) 0.129 (0.074) 0.072 (0.111) 

  ELL (level unavailable) -0.823 (0.311) 0.065 (0.313) 1.068 (0.517) 

  Disability (moderate) -0.060 (0.112) 0.006 (0.111) 0.189 (0.188) 

  Disability (severe) 0.122 (0.170) -0.199 (0.162) -0.341 (0.248) 

  Economic disadvantage -0.145 (0.037) -0.172 (0.035) -0.099 (0.051) 

  Foster care -0.543 (0.461) -0.146 (0.431) -0.731 (0.731) 

  Homeless 0.054 (0.116) -0.125 (0.101) -0.398 (0.160) 

R-squared 0.86 0.86 0.87 

No. of students 103,522 101,582 92,757 

No. of schools 1,319 1,325 802 
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Math 7 Math 8 Math 11 

Coeff. Std. Err. Coeff. Std. Err. Coeff. Std. Err. 

Student-level covariates: 

  Math pretest 0.940 (0.005) 0.932 (0.006) 0.868 (0.005) 

  Reading/ELA pretest 0.004 (0.005) 0.033 (0.006) 0.026 (0.006) 

  ELL (ELD levels 1, 2) 0.036 (0.009) 0.131 (0.010) 0.123 (0.013) 

  ELL (ELD level 3) -0.039 (0.006) 0.068 (0.008) 0.033 (0.010) 

  ELL (ELD levels 4, 5) -0.005 (0.006) 0.033 (0.006) 0.019 (0.009) 

  ELL (level unavailable.) -0.009 (0.013) 0.084 (0.022) 0.131 (0.023) 

  Disability (moderate) -0.010 (0.006) -0.011 (0.007) 0.036 (0.009) 

  Disability (severe) 0.023 (0.009) -0.044 (0.010) 0.059 (0.013) 

  Economic disadvantage -0.022 (0.004) -0.022 (0.005) -0.032 (0.005) 

  Foster care -0.026 (0.024) 0.014 (0.027) -0.042 (0.034) 

  Homeless 0.004 (0.010) 0.013 (0.010) -0.005 (0.013) 

School-level averages: 

  Math pretest -0.081 (0.051) -0.108 (0.047) 0.076 (0.050) 

  Reading/ELA pretest 0.060 (0.053) 0.170 (0.050) 0.067 (0.067) 

  ELL (ELD levels 1, 2) -0.526 (0.279) -0.156 (0.323) 0.626 (0.226) 

  ELL (ELD level 3) 0.205 (0.217) 0.340 (0.258) -0.172 (0.302) 

  ELL (ELD levels 4, 5) -0.045 (0.146) -0.146 (0.125) -0.296 (0.203) 

  ELL (level unavailable) -0.451 (0.126) 0.076 (0.632) 0.244 (0.572) 

  Disability (moderate) -0.181 (0.214) -0.024 (0.236) 0.228 (0.250) 

  Disability (severe) 0.264 (0.287) -0.129 (0.287) 0.042 (0.316) 

  Economic disadvantage -0.090 (0.047) 0.111 (0.049) -0.144 (0.044) 

  Foster care -1.987 (1.011) -0.273 (0.854) -0.547 (1.105) 

  Homeless 0.098 (0.157) 0.213 (0.159) -0.711 (0.192) 

R-squared 0.93 0.92 0.85 

No. of students 95,505 95,711 83,523 

No. of schools 450 454 416 
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ELA 4 ELA 5 ELA 6 

Coeff. Std. Err. Coeff. Std. Err. Coeff. Std. Err. 

Student-level covariates: 

  Math pretest 0.165 (0.004) 0.143 (0.005) 0.127 (0.005) 

  Reading/ELA pretest 0.711 (0.005) 0.759 (0.005) 0.750 (0.005) 

  ELL (ELD levels 1, 2) -0.113 (0.006) -0.102 (0.008) -0.129 (0.010) 

  ELL (ELD level 3) -0.044 (0.005) -0.044 (0.005) -0.055 (0.007) 

  ELL (ELD levels 4, 5) 0.044 (0.006) 0.013 (0.005) -0.011 (0.005) 

  ELL (level unavailable) -0.023 (0.019) -0.017 (0.019) -0.045 (0.021) 

  Disability (moderate) -0.125 (0.006) -0.121 (0.006) -0.153 (0.007) 

  Disability (severe) -0.147 (0.010) -0.191 (0.009) -0.158 (0.010) 

  Economic disadvantage -0.045 (0.005) -0.023 (0.005) -0.041 (0.005) 

  Foster care -0.045 (0.021) -0.047 (0.022) -0.046 (0.024) 

  Homeless -0.017 (0.010) -0.005 (0.010) -0.023 (0.010) 

School-level averages: 

  Math pretest 0.019 (0.034) -0.010 (0.028) -0.085 (0.055) 

  Reading/ELA pretest -0.080 (0.037) -0.040 (0.033) 0.065 (0.062) 

  ELL (ELD levels 1, 2) -0.213 (0.079) -0.105 (0.107) 0.265 (0.288) 

  ELL (ELD level 3) 0.083 (0.075) 0.041 (0.069) 0.182 (0.169) 

  ELL (ELD levels 4, 5) -0.127 (0.065) 0.162 (0.067) 0.041 (0.113) 

  ELL (level unavailable) -0.809 (0.285) -0.106 (0.282) 1.435 (0.525) 

  Disability (moderate) -0.020 (0.106) -0.056 (0.100) 0.054 (0.190) 

  Disability (severe) 0.198 (0.160) -0.119 (0.145) -0.584 (0.252) 

  Economic disadvantage -0.125 (0.034) -0.100 (0.032) -0.118 (0.052) 

  Foster care -0.640 (0.416) -0.249 (0.390) -0.963 (0.741) 

  Homeless 0.141 (0.109) -0.119 (0.091) -0.382 (0.163) 

R-squared 0.83 0.85 0.83 

No. of students 103,615 101,657 92,836 

No. of schools 1,324 1,327 805 
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ELA 7 ELA 8 ELA 11 

Coeff. Std. Err. Coeff. Std. Err. Coeff. Std. Err. 

Student-level covariates: 

  Math pretest 0.213 (0.005) 0.193 (0.005) 0.179 (0.005) 

  Reading/ELA pretest 0.706 (0.006) 0.742 (0.005) 0.698 (0.006) 

  ELL (ELD levels 1, 2) 0.000 (0.010) -0.074 (0.010) 0.117 (0.014) 

  ELL (ELD level 3) -0.059 (0.007) -0.040 (0.008) -0.012 (0.011) 

  ELL (ELD levels 4, 5) -0.038 (0.007) -0.020 (0.006) -0.037 (0.009) 

  ELL (level unavailable) -0.052 (0.014) -0.006 (0.021) 0.097 (0.024) 

  Disability (moderate) -0.038 (0.007) -0.088 (0.007) -0.008 (0.009) 

  Disability (severe) -0.031 (0.010) -0.100 (0.010) 0.060 (0.014) 

  Economic disadvantage -0.041 (0.005) -0.014 (0.004) -0.007 (0.005) 

  Foster care -0.058 (0.026) 0.005 (0.026) -0.188 (0.035) 

  Homeless -0.005 (0.010) -0.008 (0.010) -0.022 (0.014) 

School-level averages: 

  Math pretest 0.202 (0.057) 0.017 (0.044) 0.257 (0.065) 

  Reading/ELA pretest -0.269 (0.058) -0.048 (0.047) -0.142 (0.086) 

  ELL (ELD levels 1, 2) -0.924 (0.305) -0.773 (0.301) 0.422 (0.293) 

  ELL (ELD level 3) -0.057 (0.235) 0.307 (0.239) -0.586 (0.382) 

  ELL (ELD levels 4, 5) 0.405 (0.159) 0.205 (0.116) -0.242 (0.260) 

  ELL (level unavailable) -0.459 (0.136) -0.251 (0.591) -0.614 (0.739) 

  Disability (moderate) -0.102 (0.232) -0.394 (0.220) 0.833 (0.328) 

  Disability (severe) 0.357 (0.315) 0.122 (0.273) -0.420 (0.405) 

  Economic disadvantage -0.088 (0.051) 0.035 (0.045) -0.004 (0.057) 

  Foster care -2.089 (0.984) -0.565 (0.828) -0.313 (1.193) 

  Homeless 0.169 (0.173) 0.133 (0.149) -0.942 (0.245) 

R-squared 0.84 0.86 0.77 

No. of students 95,691 95,890 84,241 

No. of schools 453 455 417 

86



CONCLUSION 
This report describes the statistical model underpinning the growth measures produced for 
CORE by Education Analytics and presents summary results about the estimated model and the 
estimated growth measures. It also provides model diagnostics that illustrate why Model C was 
chosen for the school model. 
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