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Meeting Date: September 24,2013 
Meeting Time: 9:00 A.M. 
Meeting Place: State House, 200 W. Washington 

St., Room 130 
Meeting City:	 Indianapolis, Indiana 
Meeting Number:	 2 

Members Present:	 Superintendent Glenda Ritz, Co-Chairperson; Dr. Steve Yager, 
Co-Chairperson; Steve Baker; Melanie Park; Derek Redelman; 
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Members Absent:	 Casandra McLeod. 

Co-Chairperson Yager called the meeting to order at 9:05, and asked the members to 
introduce themselves. Co-Chairperson Ritz explained that the elements to be included in 
an accountability system that the Panel developed at the first meeting had been typed out 
and divided into categories (Exhibit A), and asked each member to indicate on wall charts 
which elements were most important and least important to the member. 

I These minutes, exhibits, and other materials referenced in the minutes can be viewed 
electronically at http://www.in.gov/legislative Hard copies can be obtained in the Legislative 
Information Center in Room 230 of the State House in Indianapolis, Indiana. Requests for hard 
copies may be mailed to the Legislative Information Center, Legislative Services Agency, West 
Washington Street, Indianapolis, IN 46204-2789. A fee of$0.15 per page and mailing costs will 
be charged for hard copies. 
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Co-Chairperson Ritz explained that HEA 1427-2013 requires the use of a growth to 
proficiency model for the accountability system that will be developed. Co-Chairperson 
Yager introduced Wes Bruce, Chief Assessment and Accountability Officer for the 
Department of Education (DoE), who provided information concerning the role of 
assessments (or achievement measures) in accountability models (Exhibit B). 

Co-Chairperson Ritz reminded Panel members that they had received bye-mail a 
document, "A Practitioner's Guide to Growth Models", which provides an introduction to 
various academic growth models (Exhibit C). Michelle Walker, Director of Student 
Assessment, DoE, and Debbie Daley, Director of Information Services, DoE, gave a 
presentation and led a discussion concerning philosophical and technical considerations in 
designing a growth model (Exhibit D). The Panel members broke into small groups to 
discuss important elements of growth measurements and expectations, and then reported 
the results of each group's discussion to the Panel. In response to a Panel question about 
whether it is possible to receive information from DoE about growth targets for individual 
students, Co-Chairperson Ritz distributed a sample Class Performance Matrix Report, 
which teachers received this year, which provides some of the information needed (Exhibit 
E). 

During lunch, the Panel broke into groups to work in more depth with three growth models 
from "A Practitioner's Guide to Growth Models" (the Gain Score Model, the Categorical 
Model, and the Trajectory Model) (Exhibit C). (A summary of the growth models is included 
as Exhibit F.) 

Co-Chairperson Ritz facilitated a discussion on the following issues: 

- Why Indiana wants to look at student growth: 

- growth shows movement to proficiency for students who are not
 
yet proficient, movement beyond proficiency, and movement relative
 
to proficiency for all students;
 
- growth relative to proficiency matters most and captures all
 
students' proficiency;
 
- growth models provide accurate measures;
 
- growth recognizes the successful efforts of students, teachers, and
 
parents;
 
- growth allows differentiation for individual students.
 

- What the Panel wants to do with a growth model: 

- reward or recognize achievement;
 
- define achievement;
 
- use student growth data for individual student instruction;
 
- replicate growth;
 
- communicate growth to parents and teachers;
 
- use data for curriculum development;
 
- allow a more comprehensive focus on a student.
 

- Elements the Panel would like to see in a growth model: 

- aligning growth with school grades;
 
- more categories in the "do not pass" and "pass plus" test
 
categories to show movement and gain detailed student information;
 
- expected growth should be differentiated for students and schools;
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- negative growth by students sanctioned for schools and teachers;
 
- encouraging excellence for all schools and students;
 
- rewarding performance, not zip codes.
 

An Education Policy Brief, "The Evolution of Indiana's School Accountability System", was 
distributed to Panel members (Exhibit G). 

Co-Chairperson Yager adjourned the meeting at 2:57 p.m. 



Growth Model Elements 

"do's" 

Multiple Measures 

-Add reading -absolute and growth 

-add science 

-consider many factors that affect student achievement/accountability so that the system is 
equitable for all 

-remain flexible to add subjects (SS or science) 

-multiple measures 

-multiple data points 

-keep multiple data points in HS model 

-stakeholder info
 

-parents and students assessments of the school!departments/grade
 
level!teachers/administrators effectiveness
 

-multiple measures (ex. School improvement metrics)
 

-incorporate school performance awards
 

-% towards growth, % towards achievement, % towards multiple measures
 

Differentiation 

-ensure that the background of students (ex: free/reduced) is taken into account 

-consideration of student transience/length of time at the school 

-time at school 

-language level with regards to achievement 

-responsibility for all kids 

-looks at growth and achievement appropriate to school and child 

-create a mechanism for different populations to have different measures (i.e Damar) 
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Growth 

-change growth model per law 

-growth consideration for all students not just the top/bottom 25% 

-focus on growth 

-reward for significant growth even if the percentage passing isn't really high but moving in 
the right direction 

-larger focus on schoollcorporation grade on student growth (NWEA etc) 

-growth assessment model 

High School Specific Considerations 

-add penalty for abusive graduation waiver rate 

-consider the number ofwaivers given for required classes when determining graduation 
rates and college and career readiness scores 

-rethink graduation subgroups 

-wavier considerations 

Alignment 

-one system for all schools 

-align with title I categories 

-transfers to cess 

-an accountability program that can include all schools 

-align DWS/DOE certifications 

-equal weight for growth/improvement for HS and E/MS if separate systems 

Sliding Scale 

-develop and communicate a 3-10 vertical slide to signify on grade level performance by 
grade level with adequate growth build into the sliding system 

-sliding/adjustable scale for growth points rather than cut offs 

-consider pros and cons due to variability ofscores ifadopting a sliding scale 



Model Design 

-simplicity/transparency 

-fair/reasonable expectations for all 

-Transparent-why did this school fail? 

-simple 

-clear, understandable 

-public needs to know what it means 

-model after a state that is already doing this well 

-remain focuses on student performance 

-focus particularly on K-8 

-could we develop a system that says if90% ofyour students pass ISTEP+ or 90% ofyour 
students show growth towards proficiency, you are an A school? 

Assessment Considerations 

-Have a plan for when standards change and the test becomes more rigorous 

-recognize the limitations of the assessment i.e ISTEP doesn't measure growth 

-look at what the assessment is really testing 

Other 

-participation points 

-bonus/penalty points 

-look at achievement or growth towards proficiency 

-Use Indiana personnel from universities, schools, Chamber of Commerce, etc. 

-Include median and standard deviations for all performance data and reports 

-use a type of regression equation to predict performance and grade a school based upon the 
extent of which a school exceeds performance expectations
 

-absolute performance must be a substantial part
 



Growth Model Elements 

"dont's" 
-Use school configurations 
-Use pass/fail tests to compare growth 
-Place such a heavy importance on a one day test 
-Not a punitive model 
-Don't subtract points 
-Focus on one part of the test 
-Try to account for all grade configurations or alternate populations 
-1 data point 
-Moving targets 
-Completely start over 
-Forget what we have already done 
-Waste too much time on pilot - one year at most 
-Support SBOE making major changes to the plan 
-Overcomplicate 
-Forget that growth is to proficiency 
-Forget high performers need to grow too 
-Add factors that are non-outcome based 
-Penalize high achieving schools that will have lower growth 
-Don't make the system so complicated that no one can understand how to attain the goal 
-Don't communicate conflicting messages to the public 
-Consider additional subject matter/content beyond ELA and Math (because they are not 
receiving Title 1 funding across states and therefore are taught with varying levels of 
consistency) 
-Differentiate available growth points depending on which percentile of students consider 
-Categorize based on A-F grading scale to designate school performance 
-Discard current model 
-Have a differentiated system that it is built upon 
-Compare disparate school populations relative to a grade but rather to the extent that the 
disparate schools exceed expectations 
-No more reliance on CTB 
-Do an on-line test without a system to guarantee that it will work 
-Continue to design/implement a model that emphases punitive measures over positive 
measures 
-Don't include ELL and Special Education students in the grades 
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Glenda Ritz. NBCT 
Indiana Superlnlendent of Public In~tructlon 

Achievement Measures in
 
Accountability Models
 

USDE "Bright" Lines (Requirements) 

-Criterion Referenced Assessment 
-Aligned to Academic Standards 

-Independent ve rificati on 
-On Grade Level 
-Must pass "Peer Review" 

-Reliable and Valid 

Norm vs. Criterion Referenced 

·Norm referenced - interpret performance relative to other 
students 

-Percentile scores 
-SAT, Child Development 

-At 26 pounds "In 18 month old boy is at the sOlh percentile 
-At 26 pounds an 18 month old girl is at the 72nd percentile 

-Criterion referenced - interpret performance relative to a 
standard 

-Category placement 
-ISTEP+, Medical Boards, Blood Alcohol Level 

".05 Germany, .07 The Bahamas, .08 Indiana 
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ISTEP+ Assessments 

'Indiana's Current Assessment for Grades 3-8 
-Criterion Referenced 

'E/la and Math 3-8 + 
-Science 4 & 6 '"
 
-Social Studies 5 & 7
 
-Two part test given in March and May
 

'Meets USDE criteria
 
'Revised with new Cut Scores in 2009
 

-New Science Cut Scores in October 2013 

'No direct consequences for students 
'Remediation must be offered to students who Do Not Pass 

* Required for USED Accountability 

Vertical Scale 

'A statistical link created between grade levels of a test within a 
content area 
'Allows for a meaningful comparison of student scores from one 
grade to another 
'Built by administering test items from grade x to students in 
grade x+l 
'Allows for many types of valid "growth" comparisons 
'ISTEP has a sound vertical scale 

Vertical Scale 
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Purple'" Max 

Blue'" Pass+ cut _55 

Red::::l Pass cut 6008~~500 

Green'" Min 400 

300 +----------------1 
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Floor and Ceiling of an Assessment 

-Ceiling- The highest level of performance that a test can 
reliably measure 
-Floor- The lowest level of performance that a test can reliably 
measure 
-Potential measurement issues at both ends of the distribution 

Ella Floor '6M1di. Ella Ceiling I Math Ceiling 

Grade 3 62 41 418 

Grade 7 191 27 180 

(I;~.t\'!',!!!1


ECA Assessments 

-Indiana's Current Assessment for "High School" 
-Criterion Referenced
 
-Algebra I, Biology and English 10 ..
 
-Administered at the "End" of a course
 
-Passing Algebra J and English 10 a graduation requirement (GQE)
 

-Direct consequences for students
 
-Opportunity to Learn (OlL)
 
-Property Rights
 

-Changes to these assessments must weigh legal consequences 

-Meets USDE criteria
 
-Revised with new Cut Scores in 2009
 
-Remediation required for students who Do Not Pass to maintain
 
waiver eligibility ",-2.
 

.. Required for USED Accountability {I;~~~ 

Lessons Learned 

-Test Your System 
-In the original PL 221 there was a "sweet" spot where one 
more student passing moved a school two categories (out of 
five) 

-Plan for Transitions 
-PL 221 was bUilt with one version of ISTEP in place
 

-The test and cut scores changed in 2002,
 
-The test and cut scores changed again in 2009
 

-The effects of the changes were not "mitigated" by the 
accountability system 
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If names are not correct, then language is not in accord with the truth of things.
 

If language is not in accord with the truth of things,
 

then affairs cannot be carried out successfully.
 

- Confucius
 

1 - Growth and Growth Models 

Growth refers to an increase, expansion, or change over time. A common metaphor is that 

of a child growing in height or weight, where growth is tracked easily as the change in 

inches and ounces over time. Asked to pantomime "growth," one might shrink into a crouch, 

mimicking a small child, and then jump up and out with arms and legs spread, emphasizing 

a two-stage, transformative process. Asked to draw growth, one might draw a graph with 

an arrow starting in the lower left and pointing to the upper right. Implicit in this graph is a 

vertical axis indicating a quantity of interest and a horizontal axis representing time. Figure 1.1 

shows two of these intuitive representations of growth. 

Figure 1 

Intuitive Depictions of Growth 

If growth models for educational policy followed this commonsense intuition about growth, 

there would be little need for this guide. Instead, statistical models and accountability systems 

have become increasingly varied and complex, resulting in growth models with interpretations 

that do not always align with intuition. This guide does not promote one type of interpretation G) 

over another. Rather, it describes growth models in terms of the interpretations they best 
c
a.: 
m 

support and, in turn, the questions they are best designed to answer. The goal of this guide 0
G) 

is thus to increase alignment between user interpretations and model function in order for o 
models to best serve their desired purposes: increasing student achievement, decreasing 

achievement gaps, and improving the effectiveness of educators and schools. 

~ 
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A Practitioner's Guide to Growth Models begins by overviewing the growth model 

landscape, establishing naming conventions for models and grouping them by similarities 

and contrasts. It continues by listing a series of critical questions or analytical lenses that 

should be applied to any growth model in current or proposed use. The remainder of the 

guide delves systematically into each growth model, viewing it through these lenses. 

This guide is structured like a guidebook to a foreign country. Like a guidebook, it begins 

with an overview of central features and a presentation of the landscape before proceeding 

to specific regions and destinations. Although it can be read from beginning to end, 

a typical user may flip to a model that he or she is using or considering for future use. 

Although the guide is structured to support this use, readers are encouraged to peruse the 

beginning sections so that, following the analogy, they can appreciate the full expanse of 

this landscape. 

2 • Growth: Beyond Status 

In the practice of modeling growth, the operational definition of growth does not always 

align with the intuitive definition of growth. If this were a guide only for the growth models 

that aligned with intuition, it would be a short guide that excluded a number of models in 

active use across states. Although these models may be less intuitive, they often answer 

useful questions about longitudinal data that "intuitive" growth models do not answer. To 

be useful, a broader working definition of growth is necessary. 

When defining a term, it is often easier to begin with what it is not. Among all the 

discussions of student and group growth using educational assessment data, there is one 

underlying common thread - "growth is not status." Accordingly, to develop a definition 

of growth we must first define status. Fortunately, defining status is a much easier task than 

defining growth. 

1Il Status describes the academic performance of a student or
Qj 
II group (a collection of students) at a single point in time.o 
~ 

This simple definition of status provides a contrast that allows us to define growth. Student 

status is determined by data from a single time point and provides a single snapshot of 

student achievement, whereas any conception of academic growth is determined from 

data over two or more time points, taking into account multiple snapshots of student 

achievement. With this distinction from status, a simple working definition of growth arises. 
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Growth describes the academic performance of a student or 

group (a collection of students) over two or more time points. 

Growth models, in turn, use some systematic method, usually mathematical or statistical, to 

describe the academic performance of a student or group over two or more time points. This 

growth definition is deliberately broader than the more intuitive definition of growth as the 

change in academic achievement over time. The essential components of the definition are 1) 

multiple time points and 2) a temporal distinction between at least two of these time points. 

For example, the average of two student test scores from a fall and spring test administration is 

not a growth metric, because the average is blind to which score came earlier and which score 

came later in time. The following sections review additional conceptions of growth and, in turn, 

growth models. 

3· Different Ways to Slice the Data: Status, Improvement, and Growth 

This guide's general definition of growth is an entry point into the tangled web of descriptions for 

growth models. Table 1.1 below and the following Tables 1.2 to 1.4 all show the same hypothetical 

aggregated data for a particular school but highlight different cells to emphasize additional 

distinctions between status and growth. In each of these tables, the rows designate grades, and 

the columns designate years. The cells contain hypothetical average Mathematics test scores 

for all students in a particular school. In Table 1.1 in particular, the shaded cell reports 320 as 

the average Mathematics score of 3rd graders in 2007: a single grade at a single point in time, or 

simply, a school's status score for a particular grade-level. Useful contrasts and interpretations 

arise when this cell is grouped with other cells in the table. Different groupings or "slices" of the 

table support different interpretations about student performance, as we review below. 

Table 1.1 

Example of a School Status Score 
» 
\J 
OJ 
() 

2007 2008 2009 2010 2011 2012 

320 • 380 350 400 390 420 

400 450 420 450 480 500 

510 550 600 650 620 620 

610 620 630 620 650 660 

710 780 750 750 800 800 

810 810 820 820 810 840 

~. 
~. 
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3.1 The Vertical Slice: Across-Grade Status 

A vertical slice through the data table as shown in Table 1.2 provides a representation of 

school status across grades. Instead of a single shaded cell that summarizes achievement at 

a single grade, this full shaded column summarizes 2007 school achievement across grades. 

Descriptions of status are useful, but they represent a single point in time and do not allow for 

growth interpretations. Although it may seem that differences across grades - from 320 to 400 

to 510 and so on - imply growth, these are not the same students across grades, and all scores 

occurred at the same point in time. The differences in these average scores are best interpreted 

as differences in achievement across grades at a particular point in time.1 

Table 1.2 

Example of School Status Scores across Grade Levels 

2008 2009 2010 2011 2012 

380 350 400 390 420 

450 420 450 480 500 

550 600 650 620 620 

620 630 620 650 660 

780 750 750 800 800 

810 820 820 810 840 

3.2 The Horizontal Slice: Improvement over Time 

Table 1.3 highlights a horizontal slice through the data table to provide a representation of 

within-grade improvement over time. The shaded row in Table 1.3 describes 3 rd grade scores 

from 2007 to 2012. Such horizontal slices are sometimes described as an improvement model 

or a cohort-to-cohort perspective. Each cell in the row represents a different cohort of students. 

Comparison of the cells, from 320 to 380 to 350 and so on, reveals change in achievement 

at a particular grade level over time. These comparisons are commonplace in large-scale 

assessment, from the National Assessment of Educational Progress (NAEP) that reports on 

the achievement of 4th
, 8th

, and 12th graders over time to state assessment programs that track 

achievement within grades over time. 

, Instead of average scores, the cells could contain the more common summary statistic of the 
percentage of students who are proficient, that is, the number of proficient students divided by the total 
number of students in each grade times 100. An upcoming section reviews scales for reporting scores in 
greater detail, but interpreting differences in proficiency percentages across grades is rarely defensible, 
let alone interpreting these differences as growth. Not only are the students different in each grade-level, 
but there are likely to be arbitrary differences in proficiency cut scores across grades. 
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Table 1.3 

Example of Within-Grade Improvement over Time 

2008 2009 2010 2011 20122007 
"' 380;:/ ;';420'~:.. ~ 3 iib>320 400"':350' 

450 420 450 480 500400 
620 620510 550 600 650 

620610 620 630 650 660 
750 750710 780 800 800 
820 820 810 840810 810 

A limitation of these within-grade comparisons, or the "improvement model," is that the 

students comprising the group do not stay the same from one year to the next. Thus, any 

observed changes in performance may be due to the changing composition of the group. 

This slice does describe a grade's performance over time and represents growth in a general 

sense. However, for the purposes of this guide, growth describes a particular student or 

group whose identity remains constant. In short, for growth, time varies, but the student or 

group does not. Because within-grade comparisons do not describe the same individuals or 

a group comprised of the same individuals, this guide does not refer to them as indicating or 

measuring growth. 

3.3 The Diagonal Slice: Growth over Time 

A diagonal slice through the data table as shown in Table 1.4 provides a representation 

of growth over time. The shaded cells represent the progression of a particular group of 

students over time and correspond with an intuitive definition of growth. The highlighted 

diagonal in the table below represents average scores from a single group of students from 

3rd grade in 2007 to 8th grade in 2012. 

In the case of Table 1.4, the diagonal represents averages from an unchanging cohort of 

students; it uses matched student data for students who have scores at all time points. 

Alternatively, these averages could include data from "mobile" students, who enter the 

cohort for some, but not all, years, and students whose data may be missing at one or more 
Cltime points. This contrast is sometimes described as the longitudinal perspective (use data 
Q
CDfor only students with all matched scores over time) versus the cross-sectional perspective ..... 
o 

(use data for all students even those with missing values) on growth. Cl a 
~ 
:s: 
o 
Q 
CD 
iil 

c 

15 



Table 1.4 

Example of Growth 

2009 2010 2011 2012 

350 400 390 420 
420 450 480 500 
60()' 650 620 620 
630 620 650 660 
750 750 800 800 
820 820 810 840 

Growth models often use complete data and either ignore incomplete data or make 

implicit or explicit assumptions about the missing data. An extensive review of missing 

data approaches is beyond the scope of this guide, but we include brief descriptions of the 

handling of missing data when models have particularly straightforward approaches. The 

remainder of this guide introduces different approaches to interpreting student data within 

two or more cells of diagonal slices that represent individual or aggregate growth over time. 

4 • What is a Growth Model? 

If growth describes the academic performance of a student or group over two or more 

time points, then what is a growth model? A growth model, like a region of a country in a 

guidebook, is best thought of as an entity with many components and features. A growth 

model can use a statistical model, but a growth model is not solely a statistical model. 

Moreover, some growth models are so statistically straightforward that they are best 

described as a collection of calculations and decision rules, rather than as a formal statistical 

model. This guide uses the following definition of a growth model. 

A growth model is a collection of definitions, calculations, or rules that 

summarizes student performance over two or more time points and supports 

interpretations about students, their classrooms, their educators, or their schools. 

This definition is broad and likely to be counterintuitive to at least two audiences. First, to 

those with statistical training, modeling growth usually involves the estimation of a function 

that describes and predicts individual growth trajectories. Unfortunately, such a restrictive 

definition excludes many of the growth models in current practice and, more importantly, 

dramatically understates the scope of their complexity and ambition in educational 
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accountability contexts. Second, to practitioners with limited exposure to these models, 

a growth model may seem like a concise, perhaps even single-step procedure capable 

of achieving many desired goals and outcomes. Such a definition overlooks the multiple 

components of operational growth models and the complexity and judgment that are 

required as they increasingly attempt to serve multiple purposes. 

Through the systematic characterization of growth models that follows, this guide provides 

an expansive perspective on the growth model landscape. However, this perspective is not 

intended as an exhaustive or "correct" way to classify and assess growth models. Growth 

models are quickly changing to meet the needs of local, state, and federal goals, reforms, 

and policies, and this guidebook, like real guidebooks, may require frequent revisions. 

However, the need for conscientious consideration of purpose, terminology, and defensible 

interpretations is relevant regardless of the growth model or the driving educational policy 

of the moment. 

5· Growth Models of Interest 

The main chapters of this guide review seven individual growth models in turn. The 

ordering of the chapters is primarily pedagogical, beginning with more simple models 

and proceeding to more complex models. We attempted to select the most widely used 

growth models and label them by their most common names. However, some models (i.e., 

the residual gain model) are less commonly used but serve as a conceptual "missing link" 

between contrasting statistical foundations. A list of equivalent or closely related models 

is provided in each chapter. There is also an appendix relating these models to those 

associated with Council of Chief State School Officers (CCSSO) publications about growth 

models. The seven growth models of interest in this report follow: 

• Gain Score 

:t>• Trajectory 
"'U 
OJ 
n .....

• Categorical	 a.: 
0 
::J 
CD .... 
", • Residual Gain 
G) 
c: 
0.:•	 Projection CD 
..... 
0 

• Student Growth Percentile	 G) 
(3 

~ • Multivariate s:: 
0 
Q 
CD 
Ul 
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6 . Critical Questions for Describing Growth Models 

In a guidebook to a foreign country, each region is described systematically through a series 

of questions or perspectives: Where are the best places to eat? What hotels offer the best 

value? Where are the best places to visit? This guide takes a similar approach by explaining 

each model through a series of critical questions: 

1.	 What Primary Interpretation does the Growth Model Best Support? 

2.	 What is the Statistical Foundation Underlying the Growth Model? 

3.	 What are the Required Data Features for this Growth Model? 

4.	 What Kinds of Group-Level Interpretations can this Growth Model Support? 

5.	 How Does the Growth Model Set Standards for Expected or Adequate Growth? 

6.	 What are the Common Misinterpretations of this Growth Model and Possible
 

Unintended Consequences of its Use in Accountability Systems?
 

Before describing the growth models themselves, Sections 6.1 through 6.6 of Part I discuss 

these critical questions. Part II of the guide, Chapters 1 to 7, presents the seven growth 

models by answering these six critical questions for each of them. 

6.1 Question 1: What Primary Interpretation does the Growth Model 

Best Support? 

One of the central tenets of modern validity theory is that the target of validation is not a 

model but a use or interpretation of model results. A model suited for one interpretation may 

not be well suited to support an alternative interpretation. Thus, a natural starting point for 

growth model classification is the identification of the interpretations that particular growth 

models best support. 

Growth models summarize - typically by quantifying - student performance over two or 

more time points. They result in metrics that describe individuals and/or groups. This guide 

identifies three fundamental interpretations that growth metrics can support: 
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1.	 Growth Description: How much growth? A growth metric may support inferences 
about the absolute or relative magnitude of growth for an individual or group. 

2.	 Growth Prediction: Growth to where? A growth metric may support inferences about 
the future status of a student or group given current and past achievement. 

3.	 Value-added: What caused growth? A growth metric may support inferences about 
the causes of growth by associating growth with particular educators (e.g., teachers or 
principals) and schools. 

This guide classifies each growth model by the primary interpretation that the growth 

model supports best. Two caveats are essential here. First, a growth model may support 

a secondary or tertiary interpretation as well, and these are identified in the respective 

growth model chapters. Following the definition of a growth model as a collection of 

definitions, calculations, and rules, it is not surprising that some growth models have been 

extended to support multiple interpretations. Nonetheless, it is possible to identify a 

primary interpretation that the growth model supports most naturally. 

Second, although a growth model may support a particular primary interpretation, it may 

not do so infallibly. A growth model whose primary interpretation is growth description 

may not describe growth in a manner that all users might find most useful. A growth model 

that primarily supports value-added interpretations may not in fact isolate the average 

value that a particular teacher or school adds to students. This is discussed further under 

Question 6 that concerns common misinterpretations of models and threats to their use in 

accountability systems. 

An alternative approach to classifying models is by the more general purposes that 

the model might serve. Such general purposes include using growth models to inform 

classroom instruction, student learning, school accountability decisions, evaluations of 

educators, and evaluations of particular programs and interventions. These purposes are 

important but are farther removed from growth model output and therefore result in a 

less straightforward classification scheme. Clearer distinctions between models arise by 

focusing on the interpretations that growth model metrics support directly. 

Table 1.5 provides examples of growth models classified column-wise by their primary 

interpretations. The models are also classified row-wise by their statistical foundations, 

which are presented in the next section. A brief description of each model is also included. 

When different facets of a model support different interpretations, the models are classified 

in more than one column. 
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Table 1.5 

Classification Scheme for Growth Models 

Primary Interpretation 

Statistical Foundation Growth Description Growth Prediction Value-Added 

Gain-Based Model • Gain-Score 
Chapter 1: Gains, 
average gains, slopes 

• Categorical 
Chapter 3: Changes 
and transitions between 
categories 

• Trajectory 
Chapter 2: Extrapolation 
ofgains into the future 

• Categorical (a.k.a. 
Transition, Value Table) 
Chapter 3: Implicit 
momentum toward 
higher categories in the 
future 

• Gains/Slopes as 
Outcomes 
Chapter 1.4: 
Establishes 
links between 
average gains and 
classroom/school 
membership 

Chapters 1-3: 
Based on score gains and 
trajectories on a vertical 
scale over time 

Conditional Status • Residual Gain 
Chapter 4: Simple 
difference between 
status and expected 
status given past scores 

• Student Growth 
Percentile (a.k.a the 
Colorado Model) 
Chapter 6: Percentile 
rank of status given past 
scores 

• Projection (a.k.a. 
Prediction, Regression) 
Chapter 5: Empirically 
predicted future score 
given past scores 

• Student Growth 
Percentile (a.k.a. the 
Colorado Model) 
Chapter 6: Continuation 
of current percentile 
rank into the future 

• Covariate-
Adjustment 
Chapter 4.4: 
Establishes links 
between average 
conditional 
status and 
classroom/school 
membership 

Model 

Chapters 4-6: 
Expresses scores in terms 
of expectations based on 
past scores 

Multivariate Model • Generally not used for 
this purpose 

• Generally not used 
for this purpose 

• Multivariate 
(a.k.a. EVAAS, 
Cross-Classified, 
Persistence 
Models) 
Chapter 7 

Chapter 7: 
Uses entire student score 
histories as an outcome 
to associate higher-than
expected scores with 
particular educators 

6.2 Question 2: What is the Statistical Foundation Underlying the Growth Model? 

This guide also classifies growth models by their underlying statistical foundation. Although 

statistical methods can be intimidating and model descriptions can be opaque, we find 

that models can be classified into one of three categories: gain-based models, conditional 

status models, and multivariate models. These three categories make up the rows of Table 

1.5, which cross-classifies growth models by Questions 1 and 2. This table represents a 

central conceptual framework for this guide. The following subsections briefly describe each 

statistical foundation in more detail and reference some of their corresponding models. 
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The first type of statistical foundation underlies models that are based on gains, average 

gains, or score trajectories over time. We call these gain-based models. A gain or gain score 

is the simple difference between two scores at different points in time. The gain score can 

be extrapolated over future time points to support predictions. When there are more than 

two data points for an individual, the gain can be generalized over multiple time points by 

averaging and expressing progress as an average change per unit of time. 

A common feature to all gain-based models is an implicit or explicit recognition of a vertical scale, 

a common scale that allows scores to be compared across different grade-level tests. Vertical 

scales support interpretable score differences over the time and grade range of interest. A gain

based statistical foundation is consistent with an intuitive definition of growth: the difference 

between where one was and where one is. However, vertical scales are difficult to design and 

maintain, and many useful questions about performance over time do not require vertical scales. 

This motivates a contrasting statistical foundation underlying a second class of growth models. 

The second type of statistical foundation supports interpretations about conditional status. The 

word "conditional" implies an "if" statement, a kind of dependence, and, indeed, conditional 

status recasts or reframes status with respect to additional information. Models that use this 

statistical foundation address the question: How well does a student perform with respect to 

expectations? These expectations are set empirically using the past scores of the student of 

interest and other students. 

Using this past information, conditional status models use a two-step process. First, given a 

student's past scores, they establish expectations about his or her current score. Second, the 

student's actual status is compared to these "conditional" expectations given past scores. The 

use and differentiation of past and current scores allows this method to meet our definition 

of a growth model. The phrase, "conditional status," is a technical term arising from the 

models' referencing of student status in terms that are conditional upon past scores or, more 

simply, in terms that consider past scores or take past scores into account. This foundation 

is fundamentally distinct from models that have a gain-based foundation, where status is 

evaluated over time instead of compared to expectations based on past scores. 

Notably, conditional status models can reference current status to other variables in addition 

to or in place of past scores, such as economic status, race and ethnicity, or participation 

in specific educational programs. It is entirely possible to use a conditional status model to 

describe status in terms of expectations set by less relevant variables like a student's height 
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or shoe size. This observation does not invalidate conditional status models as growth 

models but serves to emphasize how this statistical foundation supports a fundamentally 

different conception of growth: status with respect to expectations based on past scores and, 

potentially, other information. 

A natural corollary of this definition of growth is that conditional status will change as 

expectations change. Setting expectations based upon two past scores will result in a 

different conditional status than setting expectations based on three past scores, and setting 

expectations based upon student demographic variables will change a student's conditional 

status score even further. In comparison, gain-based scores will also change under inclusion 

of additional time points. However, increasing previous time-points for gain-based models 

allows for better estimation of average gains, whereas using more past scores in conditional 

status models changes the substantive interpretation of the conditional status score. In sum, the 

output of conditional status models is interpreted most accurately with full appreciation of the 

variables that have been used to set expectations. 

Conditional status scores can be reported on many metrics, from the test score scale to percentile 

ranks. As an example, consider a student whose high current status places her at the 80th 

percentile (among all students). In spite of this relatively high score, this student's past scores have 

been at even higher percentiles. Thus, her current percentile rank of 80 is somewhat below the 

empirically derived expectations given these past scores. One expression of conditional status is 

the simple difference between her actual current score and the score that is expected given her 

past scores. This describes the residual gain model in Chapter 4. Another approach expresses this 

low expectation in terms of a percentile rank. This latter approach is known as a Student Growth 

Percentile and is described in detail in Chapter 6. Table 1.5 displays·conditional status models in 

its second row,cross-c1assified by the primary interpretations that these models support. 

Chapters 4-6 review conditional status models and delve more deeply into the contrasts 

between gain-based and conditional status models. Understanding these contrasts is essential 

for accurate selection and use of growth models. 

The third type of statistical foundation is used primarily to estimate the "value-added" 

associated with classrooms and schools. Table 1.5 displays multivariate models in its third row 

and includes no models in the first two columns, as this statistical foundation is not well suited 

for growth description or growth prediction. 

Multivariate models are distinguished by their complexity and their ability to use a large amount 

of data and variables in a unified approach. They require specialized and sometimes proprietary 

software and training in the interpretation of model output. The models are designed to 
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produce c1assroom- and school-level "effects" that may be associated with teachers and 

principals respectively. Formally, gain-based and conditional status models can be seen as 

special cases of a flexible multivariate model (McCaffrey, Lockwood, Koretz, Louis, & Hamilton, 

2004). However, in practice, it is useful to locate multivariate models as a separate statistical 

foundation. As Chapter 7 describes, the multivariate model has as its target of inference, not a 

student's gain or her conditional status, but her entire score history. This is clumsy for growth 

description and growth prediction, but is particularly well-suited to leverage maximal test score 

information for the estimation of classroom and school effects. 

6.3 Question 3: What are the Required Data Features for this Growth Model? 

The selection of a growth model can be motivated by both the advantages it offers and 

the constraints it satisfies. The selection of a desired model may necessitate alternative or 

additional data structures. In some cases, the cost of meeting data requirements may outweigh 

the benefits of the desired model. 

In general, all growth models rely on the usual expectations for test reliability and validation. 

These are not trivial requirements, but this section focuses on requirements for growth, above 

and beyond the requirements for test score interpretations at a single time point. If low reliability 

threatens interpretations of test scores at a single time point, the problems will only compound 

as these scores are reconfigured to support growth inferences. Similarly, all the growth models in 

this guide require student data that is linked longitudinally over at least two time points. 

This section reviews particular data requirements for the growth models considered in this 

paper, including vertical scales, proficiency cut scores articulated across grades, multiple cut 

scores articulated across grades, large student datasets, multiple prior years of data, and 

meaningful controls and covariates. Some requirements are more salient for some models 

than others. It is useful to note, however, that in many cases, the integrity of the interpretations 

from a growth model depends on the integrity of these data requirements. This is especially 

important to consider when the growth model requires cut scores or vertical scales as standard 

setting and even scaling, albeit to a lesser degree, involve judgmental decisions. The statistical 

model or calculations of a growth model do not compensate for poorly defined vertical scales 

or performance level categories. The principal data requirements for each model are reviewed 

in the model's respective chapter. 

Cl 
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Some assessments are scaled across grades with what is known as a "vertical scale." A vertical 
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scale links the reporting test score scale across several grade levels so that a test score from a 
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for each grade level separately. Vertical scales are often more desirable than horizontal scales 

due to the growth interpretations they support, but vertical scales require more rigorous design 

specifications in test development to ensure a meaningful across-grade content continuum. 

Moreover, in many cases, vertical scales are not possible for the subject matter tested. For 

example, science classes may cover distinct topics in each grade and may not support an 

interpretable cross-grade continuum of "science" knowledge. 

Vertical scales are necessary for gain-based models and are implicit in intuitive notions of growth. 

If a test has a defensible vertical scale, a user can take a simple difference of individual scores 

over time and interpret this as a gain regardless of the starting point on the continuum. In some 

cases, vertical scales are not formally supported but are implicit and loosely operationalized. An 

example of this is the categorical model where no vertical scale is claimed, but transitions across 

performance category boundaries are treated as gains, an interpretation that requires meaningful 

linkages in cut scores defining the performance categories across grades. 

Some growth models afford growth predictions, often with inferences about trajectories toward 

some future standard such as "Proficiency" or "College and Career Readiness." These models 

proliferated under the Growth Model Pilot Program of 2005 (U.S. Department of Education, 

2005) that required students to be "on track" to proficiency. Most growth models do not 

require a proficiency cut score to make a prediction, but the prediction is ultimately referenced 

to the cut score. In these cases, model predictions require articulated cut scores across grades, 

in other words, proficiency cut scores that maintain some consistent relative stringency or 

pattern of stringency across grades. 

Such cut scores are determined through standard setting procedures in which a committee first 

defines what proficient students should know and be able to do and then sets cuts by taking into 

account characteristics of the test scale, item content and difficulty levels, and the qualitative 

description of proficiency. For many growth models, this process requires consideration of the 

definitions of proficiency in all other grade levels. Without articulated cut scores, nonsensical 

conclusions can arise, including a student who is on track to some future standard in one year 

and three years, but not in two years (Ho, Lewis, & Farris, 2009). Lack of articulation leads to 

unpredictable relationships between stringency of standards and the grade of entry, the time 

horizon to proficiency, and target year by which standards must be reached, respectively. 

Many accountability and evaluation policies focus primarily on students reaching a single 

achievement level, usually designated as "Proficiency." Some policies also operationalize 

performance levels that support finer grain distinctions at higher and lower score points. 
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Performance level descriptors may include Below Basic, Basic, Proficient, and Advanced, and 

some states include an even finer resolution of categories below proficiency. Standard-setting 

processes help to set these cut scores and elaborate on the descriptions for each category. 

Categorical models, sometimes known as transition matrix models or value tables, use such 

ordered performance level categories to determine whether students are making adequate· 

gains toward a standard. Such models rely heavily on the assumption that the performance level 

categories have been articulated within and across grades. Moreover, the same performance 

level category in different grades should reflect the same relative degree of mastery. As an 

extension of the previous argument for proficiency cut scores, any growth model that uses 

multiple cut scores to document growth must have well-articulated standards across grades to 

avoid counterintuitive results. 

Some growth models require large numbers of students to produce reliable estimates. This is 

particularly essential for growth models that require estimation of several parameters, such as 

the Student Growth Percentile (SGP) model. The SGP model involves estimation of hundreds of 

parameters and thus requires large numbers of students to ensure that SGPs support appropriate 

interpretations. A rough, general guideline for a minimum sample size for SGP estimation is 

5000 (Castellano & Ho, in press), but the requirement depends on the inferences that the model 

supports. Although 5000 is a comfortable size for many state-level datasets, some states may find 

instability if SGPs are calculated for particular districts, grades, or subgroups. 

For growth models to support value-added inferences, they often need to accommodate 

several years of test score data for the same educator, ideally with large numbers of students 

for that educator. At the same time, students within each classroom require scores from many 

prior years. As the stakes associated with the use of the growth model results become higher, 

more data will be required to increase the precision of estimates. 

EL:LG Meaningful Gcmtrois/covariates 

Models that set empirical expectations based on selected variables, including all conditional 

status and value-added models, are interpreted most accurately when there is full awareness of 

the set of variables that have been used to set these expectations. In the case of value-added 

inferences, accurate interpretation requires an understanding of how many previous scores 

have been included and which additional student-, teacher-, and school-level variables have 

been incorporated, if any. Possible variables include the percentage of students from low

income families, the minority/ethnic composition of the school/classroom, and the percentage 
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of limited English proficiency students. Incorporating these factors can bolster the argument for 

the interpretation of teacher and school effects as "value added," but the primary goal should 

be adequate communication of the variables to understand the effects. By understanding that 

value added is more accurately interpreted as an average student status beyond expectations, 

the importance of understanding the variables that set these expectations becomes apparent. 

6.4 Question 4: What Kinds of Group-Level Interpretations can this Growth 

Model Support? 

Growth models use student-level performance data from two or more time points. Accordingly, 

a growth model can provide a number that characterizes a student's growth. However, 

practitioners are often more interested in group-level summaries of academic growth, 

especially in the context of accountability and evaluation. In most cases, group-level summaries 

are easily obtained by averaging student-level growth values for the students in a group of 

interest, such as averaging over the students in a classroom or school. In other cases, such as 

the case of the multivariate model, group membership is explicitly included in the model. 

As policy, accountability, and evaluation decisions (such as for teacher effectiveness and school 

accountability) are so often associated with the group-level summaries, the validity of group

level interpretations is of paramount importance. Evidence supporting student-level growth 

interpretations is important, but this evidence does not ensure that an aggregate of a student

level metric can also be used for high-stakes purposes. In answering Question 4 for each 

model, this guide discusses the group-level interpretations that each model can support and 

describes the evidence needed for these interpretations. 

6.5 Question 5: How Does the Growth Model Set Standards for Expected or 

Adequate Growth? 

A growth model can be used to set standards for expected or adequate growth in different 

ways. All conditional status and value-added models set statistical standards for expected 

scores. However, these expectations may not be aligned with substantive and policy guidelines 

for adequate growth. In some cases, the choice of standard for growth performance can 

be based on norms or performance by a clearly defined group of peers. This can lead to 

judgmental decisions based on percentages, such as flagging the top or bottom 10 percent of 

students, teachers, or schools for further investigation. 

Any standard-setting process involves subjective judgments. The necessity of these judgments 

to the use of operational growth models is a reminder that operational growth models are more 

than statistical models. Judgments are moderated by the stakes involved, the properties of 

the model itself, student performance and impact data, and the theory of action for the policy 

of interest. In each chapter, we review standard setting conventions in theory and practice. 
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Options include setting standards based on the test score scale for growth, standards based 

on a norm-referenced percentage, or standards based on an aggregate-level metric for group 

growth. All of these procedures support inferences about low, high, and adequate growth. 

6.6 Question 6: What are the Common Misinterpretations of this Growth Model 

and Possible Unintended Consequences of its Use in Accountability Systems? 

When visiting a new region, tourists frequently begin with preconceived notions of what 

they will encounter. These assumptions might be based on something they have heard, 

read, or experienced. A useful guidebook is one that understands common misconceptions 

and addresses them directly. As growth models are incorporated into educational policies, 

some impressions of models do not align with actual model function, and some common 

interpretations of model output may not be defensible. In answering Question 6, this guide 

clarifies common misconceptions of particular growth models that threaten the validity of the 

inferences derived from their use. 

It is also well established that the validation of an evaluation system becomes difficult as the 

stakes of the evaluation rise. A metric that is initially designed for informing instructional decisions 

may be susceptible to corruption, inflation, and gaming when it is incorporated into a high-stakes 

system. A responsible guide is one that anticipates both positive and negative responses to 

growth models. In answering Question 6, this guide also explores how growth metrics can be 

gamed or distorted upon their adoption into a high-stakes accountability system. 

This guide is about growth models, including, but not limited to, value-added models for school 

and teacher accountability. A full review of the issues surrounding the use of growth models for 

high-stakes accountability systems is not feasible here. Question 6 is an opportunity to identify 

some of the most obvious concerns that arise in common growth models. For a fuller discussion 

of teacher value-added models, we point to a number of other references that focus on this topic 

more specifically.2 We comment on this is'sue only briefly here and in subsequent chapters. 

Our first critical question makes it clear that we consider value added to be an inference, not 

a model. In the absence of a rigorous design where, among other requirements,3 students are 

randomly assigned to classrooms, no model can support value added inferences on its own. 

The term is best considered to be a hypothesis that must be tested through the triangulation 

of multiple sources of evidence. Nonetheless, many models are used to support value-added 

inferences, and it is on this basis that we classify them, describe them, and, in this critical 

question, identify their strengths and weaknesses. 

2 See Reardon & Raudenbush (2009); Baker, Barton, Darling-Hammond, Haertel, Ladd, Linn, Ravitch, 
Rothstein, Shavelson, & Shepard (2010); and Glazerman, Loeb, Goldhaber, Staiger, Raudenbush, & 
Whitehurst (2010). 

3 See Reardon & Raudenbush (2009) and Rubin, Stuart, & Zanutto (2004). 
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7 • Alternative Growth Model Classification Schemes 

This guide differs from many previous efforts at growth model classification. It is not 

intended as an authoritative classification scheme. It is instead, as its title suggests, a guide 

for practitioners, and it should not only aid understanding of growth models, but increase 

appreciation for alternative classification schemes. These alternatives are many, and we list 

them briefly in this section. 

Some classification schemes are more concise than the one presented here. An example of 

this is CCSSO's Understanding and Using Achievement Growth Data brochure (Council of 

Chief State School Officers, 2011). Others are listed later in this section. These schemes tend to 

collapse categories across the critical questions we identify here, resulting in a simpler, one

dimensional summary. Table A.1 in the appendix maps the classification scheme from CCSSO's 

brochure onto the classification scheme of this guide. 

Other classification schemes are focused on a particular critical question that we raise in this 

guide. For example, the CCSSO Growth Model Comparison Study (Goldschmidt, Choi, & 

Beaudoin, 2012) is an effort at comparing the empirical results of a number of different growth 

models, assuming that all models were reconfigured toward the goal of school "value-added"

type ran kings. Table A.2 in the appendix also includes a mapping of that classification scheme 

onto that of this guide. 

Still other classification schemes are more technical, including those comparing value-added 

models for teacher accountability (McCaffrey et aI., 2004), and more specific in their primary 

interpretations, such as the final evaluation of the Growth Model Pilot Program that compared 

growth models for growth prediction (Hoffer, Hedberg, Brown, Halverson, Reid-Brossard, Ho, & 

Furgol, 2011). In contrast, this guide includes few empirical results. It represents a broader view 

of the growth model landscape and highlights the similarities and differences that might be 

most useful to practitioners. 

This introductory chapter concludes with a list of comparative studies of growth models and 

alternative growth model classification schemes. Following this, a summary table reviews the 

question-by-model organization of this guide and briefly summarizes the answers to these 

questions. The remaining seven chapters of this guide in Part II review each of the seven 

growth models of interest. 
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CHAPTER 1
 
The Gain Score Model
 

The gain score model is a simple, accessible, and 

intuitive approach that primarily supports 

growth description. As its name suggests, it 

is a gain-based model, and it serves as a basis 

for more complex models like the trajectory and 

categorical models as well as some "value-added" 

models. The gain score model, also referred to 

as "growth relative to self" or "raw/simple gain," 

addresses the question 

How much has a student learned on 

an absolute scale? 

The answer to this is the gain score: the simple 

difference between a student's test scores from 

two time points. For this difference to be 

meaningful, student test scores from the two 

time points must be on a common scale. If the 

two time points represent two grade levels, 

then the common scale should be linked to a 

developmental continuum representing increased 

mastery of a single domain. 

Question 1.1: 

What Primary Interpretation Does the Gain 
Score Model Best Support? 

Of the three primary growth model interpretations 

- growth description, growth prediction, and 

value-added - the gain score model supports 

growth description. 
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. "-'::'- ...:'-.": ."::-.:":...:.:"." 
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V8ra
i3 ge chqngerip) ..•••••..•......•.••••...••••......................••......:..
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~- ,

The gain score model describes the absolute change in student performance between 

two time points. This is sometimes called "growth relative to self" (DePascale, 2006) as 

the student is only compared to himself or herself over time. 
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The sign and magnitude of a gain score are important in indicating a student's 

change in performance. The magnitude of the gain indicates how much the student 

has changed, whereas the sign indicates if the gain was positive, signifying 

improvement, or negative, signifying decline. Gain scores require an understanding 

of the underlying test score scale in order to be interpreted meaningfully. A 350, a 375, 

and a difference of 25 carry little meaning unless the scores and the gain refer to well 

understood locations on an academic or developmental scale. When the scale is not 

well known or understood, the gain score can be referenced to a norm or standard, as 

described in Section 1.5. 

Gain scores can be generalized to more than two time points through the calculation 

of an average gain or a slope. An average gain is equivalent to the difference between 

the initial and current scores divided by the grade span. A slope is found through a 

regression model that estimates the best-fit line through the trajectory. This use of 

regression to describe scores relative to time contrasts with the use of regression in 

conditional status models, which use regression to describe current scores relative to 

past scores. 

mmmm:D 
What is the Statistical Foundation Underlying the Gain Score Model? 

The statistical foundation of the gain score model is, as the name suggests, 

a gain-based model. 

The gain score model produces gain scores, which are sometimes referred to as 

"raw gains," "simple gains," or, just "gains." A gain score is found using test scores 

from two time points as follows: 

Gain Score	 = Test Score at Current Time Point - Test Score at Previous Time Point 

= Current Status -Initial Status 
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Figure 1.1 illustrates the gain score model calculation using data for a student in Grade 3 in 

2010 and in Grade 4 in 2011 on a hypothetical mathematics test. The horizontal axis represents 

time, and the vertical axis represents the test score scale. For test scores from both the Grade 

3 and Grade 4 assessments to be shown on this continuous scale, these two assessments must 

share an underlying vertical scale. 

The solid, black dots in Figure 1.1 mark a particular student's test scores. This student, 

represented with stick figures, earned a score of 350 in Grade 3 and 375 in Grade 4. The gain 

score is illustrated by the vertical difference In these two scores, which, as shown in the figure, 

is 375 - 350 = +25. The reporting scale for the gain score is the common scale of the two test 

scores. Combining the positive sign and the magnitude of the gain score, this student gained 

25 points from 3rd grade to 4th grade on this hypothetical state mathematics assessment. 

Question 1.3: 

What are the Required Data Features for the Gain Score Model? 

The gain score model requires student test score data from at least two time points from 

tests aligned to a common scale. The student test score data must be linked over time, 

requiring unique student identifiers. 

37 



Gain scores require scores for students from at least two time points. The database requires unique 

student identifiers that are constant over time, and group-level identifiers are necessary to support 

group-level analyses. Even given these data, interpretations of gain scores are only appropriate if 

the test scale is designed to support meaningful differences in test scores. If the scores from the 

two time points are on different scales, then such a difference is not interpretable. Accordingly, the 

scores from each time point must be on a common scale. This context is sometimes described as a 

pretest/posttest design, where the pretest and posttest are either the same test, making their scales 

equivalent, or are carefully developed tests that share content and technical specifications that allow 

them to be equated and placed on a common scale. In contrast, when the scores are from different 

grade-levels as in Figure 1.1, their shared scale is typically called a vertical scale. 

Vertical scaling is a difficult enterprise, and casually or poorly constructed scales are a serious threat to 

the use and interpretation of gain scores and models based on them. To construct a defensible vertical 

scale, test designers must invest considerable work during the test development process to set content 

specifications that span a developmental continuum. Other requirements include items that meet these 

specifications, administration of tests to an appropriate sample of students during the scaling process, 

attention to statistical models for creating the vertical scale, and evaluation of the results of the scaling 

(Kolen & Brennan, 2004). Poorly designed vertical scales can result in serious distortions, including ceiling 

effects that artificially restrict the gains of initially high scoring students or spurious relationships between 

gains and initial status. This may lead to the illusion that high scoring students have greater gains than 

low scoring students, or vice versa, when this may not actually be the case. A well-designed vertical scale 

will minimize ceiling effects, support defensible interpretations about the relationship between gains and 

status, and be anchored to a substantive domain through which growth can be well understood. 

Gain scores are sometimes accused of having low precision and reliability. However, reliability, like 

validity, is best expressed in terms of a desired purpose. If the primary interest is in ranking individuals 

by gain scores, then gain scores are often problematic and are best derived from tests that themselves 

have high reliabilities or data from multiple time points. If the magnitude of the gain is the target 

of inference, rather than relative ran kings, gain scores are both appropriate and can have sufficient 

precision (Rogosa, 1995). Finally, if group-level, or average gain scores are the target of inference, then 

gain scores can support precise inferences provided that the underlying vertical scale is defensible. 

Question 1.4: 

What Kinds of Group-Level Interpretations can the Gain Score Model Support? 

Gain scores can be aggregated to the group-level by taking the average of a set ofstudents' 

gain scores. Average gain scores describe the average change in performance for the group. 

Similar to student-level gain scores, average gain scores are best suited for growth description 

at the group level. 
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The gain score model supports simple calculations of group-level statistics. Most commonly, the 

group-level summary statistic for a set of students of interest, such as in a particular classroom, 

grade level, school, or district, is the average of their individual gain scores. This summary statistic is 

typically referred to simply as an "average gain score." 

Average gain scores provide descriptions of group-level growth. They describe how much the 

students in that group have improved on average. A near zero average gain score indicates that 

either all students had near zero gains or that there was rough balance between positive gains and 

negative gains that average to near zero. A positive average gain score indicates that students, 

on average, made positive gains, whereas a negative average gain score indicates that students 

generally declined in performance. 

Simple summary statistics are often insufficient to support full inferences about the distribution of 

student growth. Graphical displays of student gain scores often provide a clearer picture of the 

overall growth of a group. 

Figure 1.2 illustrates a simplistic case in which two groups of students have the same average gain 

score but the distributions of gain scores are quite distinct. Both groups of three students have 

an average gain score of +2, as shown by the thick, vertical line at +2. In Group 1, shown in panel 

(a), all three students have the same gain score of +2. In contrast, in Group 2, two students have 

slightly negative gains of -2 and one student has a large positive gain of 10. Although both groups 

have an average gain score of +2, this single summary statistic provides a limited depiction of the 

distribution of growth of these groups. These coarse averages are best disaggregated when the 

primary purpose of reporting is the support of teaching and learning. 

Figure 1.2 

Different Distributions of Gain Scores with the Same Average Gain Score 

(a) Group 1 (b) Group 2 
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An extension of the gain-score model involves using gains as outcome variables in regression 

models. These models predict growth through individual, classroom, and school variables, and 

they identify relationships between these variables and magnitudes of growth over time. These 

types of models can be used to support value-added interpretations. For example, schools or 

classrooms associated with higher levels of average growth may be investigated to understand 

the mechanisms through which this growth may have occurred. However, although no model 

can support value-added inferences on its own, gain-based models are particularly poorly 

suited to value-added inferences given their dependence on vertical scaling properties. 

Vertical scales are typically developed to support growth description and not causal inference 

about growth. For example, in certain curricular domains, vertical scales often reflect increased 

variability in student achievement as grade levels increase. This is consistent with a positive 

correlation between initial status and growth, where higher scoring students in any particular 

grade are predicted tp make greater gains into the future. This is a useful observation for the 

design of instruction, but an undesirable feature for value-added models where giving credit to 

higher growth for higher-scoring students seems unfair. This is a reminder of the fundamental 

importance of specifying the intended interpretations and use of growth models. 

Question 1.5: 

How Does the Gain Score Model Set Standards for Expected or 
Adequate Growth? 

Value judgments can determine cut points for "low," "typical," and "high" gain scores 

at the individual and group level. Growth expectations can also be norm-referenced 

by comparing students' gain scores to the growth distribution of a reference group. A 

standard can also be set by anticipating whether a student or group is on track to some 

criterion in the future. 

The simple gain score is an index of absolute growth, expressing how much a student grew on 

an absolute scale. Students, teachers, parents, and school administrators may want to know not 

only "how much" a student has grown, but also if that growth is "adequate" or "good enough." 

As with most growth models, a standard setting committee composed of qualified, informed, 

and invested stakeholders can be charged with defining adequate growth. The magnitude 

of the gain score may not be sufficient to communicate the adequacy of growth. Intuitively, it 

may seem clear that negative gains are inadequate, but to ensure that all data users interpret 

the gain scores in a uniform manner, clearer reporting categories may be required. These 

categories can be determined in three different ways: 1) scale-based standard setting, 2) norm

referenced standard setting, and 3) target-based standard setting. 
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Scale-based standard setting involves setting cut points on the gain-score scale to differentiate 

among gains, for example, "negative," "low," "adequate:' and "high" growth. For determining 

appropriate cuts on the gain score scale, a standard setting committee may consider the 

empirical distribution of gain scores to avoid setting unrealistic standards. Although the 

committee could decide to use the same set of cut scores across grades, the pattern of 

changes across grades would be unlikely to support common standards, as different gains are 

likely to vary across grade level. Similar procedures could be completed at the group level for 

classifying average gain scores as low, typical, or high group growth. 

Norm-referenced standard setting uses a distribution of gain scores from a "reference group" 

to set expectations about adequate growth. This reference group can be a static "norm 

group" sampled from some representative population. Alternatively, the reference group 

can be updated, defined each year based on current, operational student performance. A 

natural reporting metric is the percentile rank of each gain score in the reference group, where 

a student whose gain is above 75 percent of the reference group's gains receives a growth 

percentile of 75.4 In this case, the effective reporting scale is the norm-referenced percentile 

rank scale, and a standard setting committee can identify where cut scores are located on 

this scale. As with scale-based standard setting, these norm-referenced standard setting 

procedures can be applied at the group level to set expectations for adequate group gains 

relative to the distribution of all groups' average gain scores. 

Target-based standard setting classifies students/groups as making adequate growth by 

determining if they are "on track" to some target standard at a future point in time. For 

instance, a target may be defined as reaching the proficiency cut point in a particular grade 

level or exceeding the "College and Career Ready" standard by a particular grade. This 

intersects with the primary interpretation of growth prediction, and the trajectory model 

(described in the next chapter) uses the gain score in precisely this way. This extension to the 

gain score model assumes that students continue on their growth trajectories over time, making 

the same gains each year. 

Question 1.6: 

What are the Common Misinterpretations of the Gain Score Model and 
Possible Unintended Consequences of its Use in Accountability Systems? 

The gain-score model aligns well with common intuition about growth over time. Biases 

and distortions can be introduced through poor vertical scaling. Gains can be inflated by 

artificially deflating prior scores. 

This contrasts with the Student Growth Percentile (Chapter 6). where the reference group is defined 
empirically by a subset of students with similar past scores. In this case, the reference group is a full 
distribution of current or past gains. 

4 

41 



The gain score model aligns closely with intuitive notions of growth. However, there are 

a number of shortcomings of gain-based descriptions that do not follow from common 

intuition about gains. First, simple gain-based approaches use only two time points and can 

be unreliable with respect to individual comparisons of gains. For more robust information 

about an individual's growth trajectory, more than two time points may be required. This 

is generally addressed by using multiple time points and fitting a simple regression-based 

estimate of an individual slope over time, resulting in an average gain score for an individual. 

More advanced estimates of individual growth curves can be supported with multiple time 

points, nonlinear trajectories, and latent growth curve analyses. These are natural extensions 

of the simple gain-score model. 

Second, properties of the vertical scale may lead to correlations between initial status and 

growth that are poorly suited for accountability metrics. For example, some vertical scales 

reflect the observation that variability in individual achievement increases over time. In 

these cases, high scoring students are more likely to make greater gains than lower scoring 

students. Although this may be a valid interpretation on a particular developmental score 

scale, it may be poorly suited for accountability metrics, where expectations for higher and 

lower scoring students may be required to be equal. On the other hand, these differential, 

scale-based expectations for lower scoring students may be precisely what the accountability 

model should reflect. If the vertical scale is well developed, it may reflect the reality that it 

is more difficult for lower scoring students to catch up without adequate intervention. The 

interactions between scaling decisions and growth expectations must be evaluated with 

respect to the inferences and actions that the growth interpretations support. 

Third, a vertical scale that is poorly designed will have biases built into the scale. In these 

cases, associations between initial status and growth may be spurious, and expectations 

based on growth will be similarly unrealistic for higher and lower scoring students. 

Hidden ceiling and floor effects will lead to an inability of high or low scoring students to 

demonstrate their true growth. In general, the considerable reliance of the gain-score model 

on responsible vertical scaling leads to greater dependence of results on scaling properties. 

When there are weaknesses, they are likely to arise accidentally, but they are difficult to 

detect without thoughtful exploratory data analysis. 

Finally, another feature of gain scores can be manipulated more cynically when gain scores 

form the basis of high-stakes accountability decisions. It is apparent from the calculation of 

the gain score that a student can have a higher gain by increasing his or her current score. 

This is a desired response to accountability pressures. However, it is also possible to reverse 

this - a student can have a higher gain by decreasing his or her previous score. This could be 

achieved by distorting reporting, but also more systematically by pushing less experienced 
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teachers to early tested grades. Although this may appear cynical, this guidebook would 

be incomplete without a comprehensive presentation of both intended and unintended 

consequences of each model as it may function in practice. 
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CHAPTER 2
 
The Trajectory Model
 

The trajectory model is a natural extension of the gain score 

model. Like the gain score model, the trajectory model is 

gain-based, but instead of describing growth, the trajectory 

model is used primarily for growth prediction. The model 

uses student gain scores to predict student scores in some 

future year. The trajectory model, as the name suggests, 

assumes that a student will continue on his or her same 

trajectory, which is usually operationalized as an assumption 

of linear growth. That is, a student makes the same gains 

each year. For instance, if a student gained 3 points this 

year, the trajectory model predicts that he or she will gain 3 

points in each subsequent year as well. The trajectory model 

answers the question 

If this student continues on her trajectory, 
where is she likely to be in the future? 

An additional and sometimes essential component of 

models for growth prediction is a determination of whether 

future predicted performance is satisfactory. Trajectory 

models can support this determination by providing an 

"on track" trajectory for each student into his or her future 

as well as a "predicted" trajectory based on the student's 

observed gains. The on-track trajectory is formed by 

determining the annual gains needed to meet a target score 

in x years. A comparison between a student's predicted and 

on-track trajectory can support a decision about whether a 

student is making adequate gains toward the future target 

score. This is discussed further in Sections 2.2 and 2.5. 
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What Primary Interpretation Does the Trajectory Model Best Support? 

By assuming that past gains will continue into the future, trajectory models provide 

predictions for future scores. They support growth predictions. 
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In the gain score model discussed in the previous chapter, the gain score - the difference 

between current and initial status - describes growth as the change from a previous time 

point to a current time point. The trajectory model uses this gain score as the basis for a growth 

trajectory extending into the future. Figure 2.1 illustrates this process. 

Figure 2.1 uses the same hypothetical student's data from Figure 1.1, where the gain score was 

illustrated. As shown by the solid, black dots, this student earned a score of 350 in Grade 3 in 

2010 and then a score of 375 in Grade 4 in 2011. The vertical distance between these scores 

corresponds to her gain score: 375 - 350 = + 25 from Grade 3 to Grade 4. For this gain score 

to be an interpretable quantity, the scores at Grades 3 and 4 must be expressed on a common 

vertical scale. If this scale also underlies tests at subsequent grade levels, gains through 

subsequent grade levels will also be interpretable quantities. 

Figure 2.1 

The Trajectory Model Makes Predictions about Future Student Performance, Assuming 

that Gains Will Be the Same over Time 

Trajectory Model 
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From Grade 3 to Grade 4, Figure 2.1 displays the student's actual, or observed, gain. 

Accordingly, the gain score from Grade 3 to Grade 4 is labeled the "Observed Gain Score." 

These two points alone comprise the gain score model from the previous chapter. The 

trajectory mode requires the additional assumption that this student will continue to make 
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positive gains of 25 points each year. In this way, trajectory models support visualization of the 

student's achievement trajectory from now into the future, as illustrated in Figure 2.1. This line 

has a positive slope because the student made positive gains; if she had made negative gains, 

then the line would have a negative slope. The trajectory could be extending past Grade 6 by 

continuing in this way - adding 25 points to the student's previous score to obtain a predicted 

score in the subsequent grade - as long as the grade level assessments are all on the same 

vertical scale. 

The vertical scale suggests that the difference of 25 points each year is comparable over 

time. This desired property is known as an equal-interval scale property, where differences, or 

equal intervals, share the same interpretation over the applicable range of the scale. Physical 

scales for height and weight generally support this property: a gain of 5 pounds is equivalent 

regardless of whether the individual originally weighed 120 pounds or 220 pounds. However, 

test score scales generally have weak arguments for equal-interval scale properties. It is difficult 

to argue that an achievement gain of 5 points in Grade 3 is the same as an achievement gain 

of 5 points in Grade 8, for example, because the material learned in the two grades can differ 

substantially. The argument becomes more difficult to support as the scale spans more grade 

levels. From this perspective, the trajectory is more defensible as a descriptive and aspirational 

prediction than it is as an empirical prediction. 

Figure 2.1 helps to visualize how trajectory models answer the key question they address: If 

this student continues on her trajectory, where is she likely to be at some point in the future? 

Trajectory models are appealing because they predict growth along a linear trajectory, which is a 

straightforward way of extrapolating from an observed linear change. The intuition aligns with that 

of physical momentum or even l\lewton's First Law - an object in motion tends to stay in motion. 

Question 2.2: 

What is the Statistical Foundation Underlying the Trajectory Model? 

Trajectory models are an extension of the gain score model that extrapolates from student
 

gains to predict future performance. They are gain-based models.
 

.Of the three statistical foundations presented in the introduction (gain-based models, 

conditional status models, and value-added models), trajectory models have a gain-based 

statistical foundation. Unlike the gain score model, which typically involves computing a single 

or average gain score over observed time points, the trajectory model extrapolates from 

observed gains to future time points. 

The extrapolation of gains to support predictions is usually linear, as shown in Figure 2.1.
 

However, in some cases, a nonlinear, curving predicted trajectory is warranted. If scales are
 

47 



designed to support these nonlinear trajectories, then these nonlinear expectations can 

be built into the extrapolated trajectory. If, for example, there is a known acceleration in 

trajectories due to the design of the vertical scale, a gain can be algebraically accelerated 

in future years to match the assumptions of the vertical scale. In these cases, the statistical 

foundation is still fundamentally gain-based, as this accelerating factor is applied 

fundamentally to the observed gain. The key feature of gain-based models is the centrality of 

the gain to all calculations and inferences. 

Another straightforward extension of the trajectory model is an averaging of the gain across 

multiple observed time points. The previous section noted that the gain-score model is capable 

of supporting average gains over more than two time points. These average gains can be 

extended in a linear fashion into the future to support predictions. These average gain or slope

based models use average gains over a given unit of time and extend them in a linear fashion. 

When the vertical scale supports this averaging of gains, these averages over multiple time 

points result in more robust estimates of student trajectories than simple gains over only two 

time points.. 

A contrasting use of the trajectory model involves "resetting" the trajectory after each year 

of data collection, using only the two most recent years of data to establish a gain-score and 

a linear extrapolation. This approach sacrifices robustness in the estimation of a linear trend 

for simplicity and ease in explanation. If the vertical scale properties do not hold over multiple 

grades, this approach can theoretically minimize the distortion imparted by poor vertical 

scaling; but in these cases, the best approach would be to select a model that does not require 

a vertical scale. 

Question 2.3: 

What are the Required Data Features for the Trajectory Model? 

The trajectory model requires student test score data from at least two time points and 

a common, vertical scale that underlies all observed and predicted test scores from the 

initial observed score to the future unobserved prediction. 

The trajectory model is a gain-based model whose primary supported interpretation is growth 

prediction. The only student data it requires are student test scores from two time points: The 

difference between the two test scores is the student's observed gain score, and this gain is 

extrapolated, usually linearly, into the future. Accordingly, this model requires that test scores 

from all observed and future time points of interest are linked to a common vertical scale. 

Vertical scales facilitate comparison of scores from one year to the next. If the tests from 

the two time points are on different scales, then their score differences do not meaningfully 
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relate to changes in performance over time. Using different test scales is analogous to a 

scenario in which an individual takes the temperature one day in Fahrenheit and the next day 

in Celsius, and then takes the difference of the two temperatures on different scales. This 

simple difference is difficult to interpret and cannot indicate whether the temperature has 

risen or fallen due to the differences between the scales. In this simple case, the conversion 

of the scales is well known, and a simple linear conversion can locate them on the same 

scale. Vertical scaling is less simple, particularly when the nature of the achievement being 

measured changes fundamentally across grades. Calculating a gain score or trajectory is in 

this case more akin to subtracting temperature on a Fahrenheit scale· from humidity on a 

percentage scale, where no simple conversion either exists or is reasonable. 

Compared to the gain-score model in the previous chapter, trajectory models are generally 

more dependent on vertical scales. This is because vertical scales become more tenuous 

as the grade span increases. For a simple gain-score model with only two adjacent grades, 

the vertical scale may be well supported. In contrast, trajectory models extrapolate from 

observed gains to future status in even higher grades. There, the argument for a common 

scale can be more difficult to support, particularly if the achievement measured in the higher 

grades cannot be mapped meaningfully to achievement measured in the lower grades. 

Depending on the uses of growth predictions, trajectories across particularly large grade 

spans may warrant caveats. Evaluation of the vertical scale is necessary across the entire 

range of grade levels through which the trajectory model extends. 

Question 2.4: 

What Kinds of Group-Level Interpretations can the Trajectory Model Support? 

The average gain score for a group can be extrapolated as if it were for an individual, 

supporting group growth prediction. Alternatively, each student may be classified as 

lion track" by his or her individual trajectory. This can be aggregated to a group-level 

interpretation about the percentage of students who are on track. 

The trajectory model supports group-level interpretations in at least two ways. One 

approach concerns average gains and average predictions. This requires calculation of the 

average gain score of the group. The gain is extended into the future to illustrate as if it 

were an individual trajectory, but it can be interpreted as the predicted average trajectory 

of all students in the group. A second approach begins with a straightforward standard 

setting approach described in the next section. This approach classifies a student as "on 

track" to a future target cut score ifthe student predicted status exceeds the cut score at 

the grade of interest. These student classifications can be aggregated into a "percentage of 

on-track-students" statistic. 

49 



Figure 2.2
 

Illustration of the Trajectory Model at the Aggregate Level for Three Students (A, B, and C).
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Figure 2.2 illustrates both of these group-level methods for the trajectory model. In this 

figure, the trajectory for the student used in Figure 2.1 is displayed as the line with score 

points denoted by the letter "B." Two additional students, A and C, are part of this student's 

group. Groups are a general construct and can be formed by students with a common 

teacher, school, school district, or demographic subgroup. For simplicity, assume that these 

three students comprise all fourth graders in a particular school. The average trajectory for 

these three students is shown by the thicker black line with open, black dots denoting the 

average scores at each time point. For both the students and the average trajectory lines, 

the first line segment connecting the scores from Grade 3 to Grade 4 is solid because it 

corresponds to observed gain, whereas the line segments between Grades 4 and 6 are 

dashed because they correspond to predicted gains. 

Calculation of the average trajectory proceeds by taking the simple average of the three 

scores at each of the four time points, then simply connecting the dots. An alternative and 

algebraically equivalent formulation involves 1) taking the average scores of the observed 

time points in Grades 3 and 4; 2) connecting these two points to depict the average observed 

gain (the solid, bold line); and 3) extending this gain in a linear fashion through Grades 5 

and 6 (the dashed, bold line). The average observed gains for students A, B, and Care +30, 

+25, and -10, respectively. The average gain of +15 is the group-level average gain, and the 
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trajectory shown in Figure 2.2 is the visual representation of this gain of +15 extrapolated in a 

linear fashion over the next two grades. 

Figure 2.2 also shows a target cut score, set through a process described in the next section, 

that is established at 440 in Grade 6 and marked by a gray asterisk. The location of each 

student's predicted Grade 6 score can be compared to this line, and it is clear that only student 

A's predicted score exceeds this future standard. An alternative description of group-level 

growth prediction is that 1/3 or 33 percent of students are on track to the future standard. In 

practice, because students are either proficient, on track, or not on track, the percentage of 

on track students is either added to the percentage of proficient students or expressed as a 

percentage of non proficient students who are on track Hoffer, Hedberg, Brown, Halverson, 

Reid-Brossard, Ho, & Furgol, 2011). The sufficiency ofthese percentages can be compared 

to minimum required percentages of proficient and on-track students (for example, Annual 

Measurable Objectives) that are set by other policy committees. The importance of standard 

setting is emphasized in this next section. 

Question 2.5: 

How Does the Trajectory Model Set Standards for Expected or 
Adequate Growth? 

The adequacy of predicted student (or group) growth can be determined by the slope 

of the student trajectory or the student's predicted future status. At the group level, 

expectations can also be set on the average slope, the average predicted future status, or 

the percentage of students predicted to be on track to meeting a target future status. To 

identify any particular target future status, a time horizon must also be designated. 

The trajectory model can support a variety of standards for expected growth. At the individual 

level, the slope of the trajectory can be compared to a standard, but this is equivalent to setting 

a standard on gain-scores, and this is described in the previous chapter. A more common 

approach, related to the model's primary interpretation of growth prediction, is to compare an 

individual's predicted future status to a standard. For any individual trajectory, this comparison 

requires two pieces of information: the time horizon to meet the standard and the cut score at 

that time horizon. Following the previous section, this could be expressed as 440 by Grade 6. 

These standards follow from policies that might dictate, for example, student proficiency, or G) 
c 
Q

that students should be college and career ready by high school graduation. Proficiency in CD 

lower grades may take the form of college readiness cut scores in Grade 12 that are articulated G)
o 
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Here, it is worth noting that there are two seemingly different but actually equivalent 

approaches to evaluating on-track status. First, the gain score can be extrapolated and 

compared to the future target cut score. In Figure 2.2, for example, this results in a statement 

like, "Student B has a gain of 25 points and is on track to a score of 425, which is below the 

target score of 440." Alternatively, the required gain could be calculated by comparing the 

future cut score with the initial status, calculating the required gain, and comparing this to 

the student's actual gain, resulting in a statement, "Student B gained 25 points this year 

but needed 30 to be on track to a score of 440." These two formulations are algebraically 

equivalent and should not be considered to be different models. 

For trajectory models, the selection of the time horizon to meet a cut score is just as 

consequential a standard setting decision as the selection of the cut score itself (Ho, Lewis, & 

Farris, 2009). A longer time horizon to reach proficiency is generally more lenient and realistic, 

and a shorter time horizon is generally more stringent. Time horizons can be set by a fixed 

number of years from the time a student enters the data system. In Figure 2.2, the student 

must be proficient within three years of entering the system. If proficiency is required before 

exiting a school, the horizon can be set, for example, as "three years from entry into the 

system or by graduation, whichever is sooner." As a student progresses through grade levels, 

an additional decision must be made about whether to have a fixed time horizon for each 

student or allow the time horizon to shift and effectively reset, always staying, for example, 

two years ahead of the student's most recent completed grade. 

Whenever cut scores in different grades serve as targets for a trajectory model, these cut 

scores must be articulated, that is, they must share a common meaning and, ideally, a similar 

level of relative stringency across grades. Without this articulation, counterintuitive results 

follow, including students who are on track to proficiency in Grades 4 and 6 but are not on 

track to proficiency in Grade 5. The issues ohime horizons and articulated cut scores arise in 

any model for growth prediction that sets standards in terms of a future cut score. 

Expectations can also be set on adequate growth at the group level. A group's average 

trajectory can be extrapolated to determine if, on average, the students in the group are 

predicted to meet/exceed the future target score. This was illustrated in Figure 2.2. The 

average trajectory in this illustrative example results in a predicted average Grade 6 score that 

is lower than the target Grade 6 score. Groups whose averages are not predicted to meet the 

target future score could be deemed as "not making adequate growth," and groups whose 

averages are predicted to meet the target could be deemed as "making adequate growth." 

In contrast, standards can be set on the percentage of students who are predicted to be "on 

track." In practice, this percentage can be combined or cross-referenced with the percentage 

of proficient students. Each student can be classified into one of four mutually exclusive 
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categories: 1) proficient and on track, 2) proficient and not on track, 3) not proficient and 

on track, and 4) not proficient and not on track. Under a status model such as the original 

incarnation of the No Child Left Behind Act (I\lCLB), only the first two categories counted 

positively for a school. A growth model can count the first three categories positively, or it 

may count only categories 1 and 3. The former approach, one that takes the union of status 

and growth, was a popular strategy among states using the trajectory model for revised 

NCLB purposes (Hoffer et aI., 2011). 

~ 
What are the Common Misinterpretations of the Trajectory Model and 
Possible Unintended Consequences of its Use in Accountability Systems? 

The trajectory model is aligned with user intuition about growth over time. However, it 

is deeply dependent on the underlying vertical scale, and the model can create unusual 

incentives to artificially lower initial scores, inflating gain scores and thus trajectories. 

Trajectory models are intuitively appealing because they allow for growth predictions 

that follow an assumption of linear growth over time. However, extrapolated predictions 

based on linear growth are not empirical as much as descriptive and aspirational, and the 

prediction requires thoughtful construction of an underlying vertical scale. Just as gain

score models can be distorted by vertical scales, trajectory models with poorly developed 

scales can have ceiling effects, floor effects, and spurious relationships between initial 

status and growth. 

The equal-interval property assumed of vertical scales, where a gain in 25 points from 

Grade 3 to Grade 4 is assumed to be equivalent to a gain in 25 points from Grade 7 to 

Grade 8, can be more salient here than in gain-score models due to the extension of 

trajectories across a large grade span. In extreme cases, the predictions from trajectory 

models can extend to future score points that simply do not exist. Student C in Figure 2.2 

is predicted to have an extremely low Grade 6 score that may not even be possible on the 

Grade 6 test. A nonsensical trajectory does not invalidate trajectory models but motivates 

thoughtfulness in reporting and use of model results. 

Finally, as in the gain-score model, trajectory models that function in isolation can motivate 

not only increases in current scores, but decreases in past scores, as both will augment 

gains and increase predicted trajectories. A simple approach to diminishing this "fail-first" 

incentive is the application of a status model in conjunction with a growth model, where the 

artificial deflation of earlier scores is only an advantage if the scores do not fall below the 

status-relevant cut score. 
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CHAPTER 3 
The Categorical Model 

Categorical models characterize growth in terms 

of changes in performance level categories from 

one grade to the next. They are also referred to as 

transition models, transition matrix models, or value 

tables. These names are often used interchangeably, 

although the term "value table" typically refers 

specifically to categorical models that assign 

differential values or weights to transitions. 

The categorical model is a gain-based model that 

is fundamentally similar to the gain score model. 

Instead of expressing gains as the change in scale 

score points from one year to the next, the categorical 

model expresses gains as the change in performance 

level categories from one year to the next. This 

results in a large reduction in information about 

student scores, as the entire range of score points is 

substantially reduced to a small number of reporting 

categories. Positive gains are associated with moving 

up one or more performance levels, whereas negative 

gains are associated with moving down one or 

more performance levels. In this sense, categorical 

models support growth descriptions like the gain 

score model. Although, compared to using the scale 

score, performance level categories are coarser and 

information is lost, the categorical model is easy to 

describe and explain, particularly if the category 

definitions are relevant and well understood. 

Categorical models also implicitly support growth 

predictions. Transitions through past categories 

can support predictions about student location in 

categories in the future. Categorical models can 

address both of the following questions: 
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How has this student grown in terms of transitions through
 
performance level categories over time?
 

In which category will she likely be in the future?
 

An advantage of categorical models is their conceptual simplicity. However, they can 

rely on a large number of explicit and implicit judgments. Some accountability systems 

prefer to value certain transitions between performance levels more than others, 

resulting in a categorical model that is often called a "value table." There is also a series 

of less obvious judgments involved in setting the cut scores that delineate each category. 

These decisions require consideration of several issues, including the transitions 

that receive weight, the differential weighting of transitions, and cut score articulation 

across grades. 

Question 3.1: 

What Primary Interpretation Does the Categorical Model Best Support? 

Categorical models can support both growth description and growth prediction. 

They describe how much students grow from one year to the next in terms of changes 

in performance level categories. Categorical models can also implicitly or explicitly 

predict the category a student will achieve in the future, under an assumption of 

linear progress across categories. 

Categorical models support growth descriptions and growth predictions. Like both 

the gain score and trajectory model, the categorical model is based on a 

conceptualization of growth as an increase in score points from one year to the next. 

The fundamental distinction between the categorical model and the other gain-based 

models is that the categorical model uses score points that are expressed as a small 

number of performance level categories as opposed to using the tests' entire score 

point scale. Performance level categories are often ascribed names like "Below Basic," 

"Basic," "Proficient," and "Advanced" that denote varying degrees of mastery. The 

numerical test score scale is divided into these ordered categories by cut scores on the 

test scale. Figure 3.1 illustrates this for a hypothetical test scale that ranges from 

100 to 200 points. 

Figure 3.1 

Illustration of a Test Scale Divided into Ordered Performance Level Categories by Cut Scores 

100 120 150 185 200 
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As shown in Figure 3.1, ordered performance level categories are just a "chunking" 

of the numerical test scale. A student who earns a score of 125 is in the "Basic" 

performance level, as her score falls between 120 and 150. The scores of 120,150, 

and 185 are cut scores that divide the four performance level categories. In the usual 

standards-based testing scenario, a standard setting committee would determine 

the cut scores with careful consideration of the test scale, item content and difficulty 

levels, student performance on the items in the tests, and the qualitative descriptions 

of each category. In this example, they are chosen for illustration. Before cut scores 

can be determined, the categories must be carefully defined so that they relate to 

distinct skill sets and mastery levels. Simply dividing the scale into a set of categories 

is not useful unless each category provides useful information about a student's 

achievement level. 

To implement a categorical growth model, performance levels are ideally articulated 

across grade levels, meaning that they are defined with qualitative descriptions and 

cut scores that reflect not only within grade mastery but a continuum of mastery across 

several grade levels. The same set of category names are usually used in each grade, 

but the qualitative descriptions of the categories differ across grades as they reflect 

different skill sets and ability levels. Accordingly, the cut scores that distinguish among 

the categories may vary in relative stringency across grades. This is discussed further 

in Section 3.5. 

After articulating cut scores across all the grade levels of interest, the decisions 

supported by the categorical model can be illustrated by a "transition matrix." 

Table 3.1 gives an example of a transition matrix for the change in performance level 

category from Grade 3 to Grade 4 for a state mathematics test. In this illustrative 

example, each grade-level test scale is divided into four categories - Below Basic, 

Basic, Proficient, and Advanced - like in Figure 3.1. The cells along the diagonal are 

shaded grey. These shaded cells correspond to cases in which a student maintains the 

same performance level category in Grade 3 and Grade 4. The cells below the 

diagonal correspond to cases in which a student goes down one or more performance 

levels from Grad~ 3 to Grade 4. The remaining cases, the cells above the diagonal, 

represent growth or moving up one or more performance levels from Grade 3 to 

Grade 4. A student, represented by a stick figure, falls in one of these cells - in the 

first row and second column. This student scored at the Below Basic level in Grade 3 

but in the Basic level in Grade 4. This change in performance level from Grade 3 to 

Grade 4 signifies that the student improved, grew, or increased in terms of achievement 

level categories. 
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Table 3.1 

Example of a Transition Matrix 

Basic Proficient Advanced 

Table 3.1 illustrates the use of categorical models for growth description. This simple table 

shows the student of interest increased one performance level category. Within the Grade 

3 domain of mathematics, the student only had a Below Basic understanding and mastery 

of the material. However, in Grade 4, she has improved to a Basic understanding of Grade 4 

mathematics. Ostensibly, in terms of achievement level categories, this student has grown. 

Interpreting a change in achievement level categories as growth can lead to some 

counterintuitive findings. To clarify these findings, it can be useful to imagine a vertical 

scale that underlies the achievement level categories across grades. This is shown in Figure 

3.2. One counterintuitive finding is that the maintenance of an achievement level over 

time represents a kind of stasis. This may conflict with commonsense notions of growth, as 

maintenance of a standard across grades generally requires growth, as shown by the green 

student in Figure 3.2. This conflict is generally resolved by observing that interpretations of 

achievement level categories across grades are more relative than they are absolute. 

A second counterintuitive finding is that similar levels of growth over time mayor may not lead 

to a change in categories. As Figure 3.2 shows, two students (represented by the green and red 

stick figures) who make the same absolute scale score gains can either maintain the proficiency 

category or rise from Basic to Proficient depending on their starting point and their position with 
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respect to the cut scores. This is explained by the loss of information that arises from dividing 

the score scale into a small number of categories. As a corollary, a change in categories can be 

associated with a very wide range in actual gains, simply due to where the student happens to be 

within the coarse category regions. For example, the blue student scores at the very bottom of 

the scale in Grade 3 and then at the upper boundary of the Proficient category in Grade 4. The 

red student scores at the top of the Basic category in Grade 3 and the bottom of the Proficient 

category in Grade 4. The categorical model treats these two students' gains as equivalent. 

Figure 3.2 

Illustration of Possible Contradictions when Mapping a Vertical-Scale-Based Definition of 

Growth onto a Categorical Definition of Growth 
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As the previous discussion demonstrates, the categorical model affords growth interpretations 

through the articulation of achievement level categories across grades. Although this does not 

require an explicit vertical scale, the resulting interpretations of results assume that a vertical scale 

exists. Through the articulation of cut scores across grades, the categorical model creates an implicit 

vertical scale. Even if a performance level happens to describe different domains across grades, the 

implicit assumption is that an increase in achievement levels is desirable and interpretable as growth. 

If the categorical model supports growth interpretations, it is essential that the performance 

level categories are carefully defined and are vertically aLigned over an underlying achievement 

Grade 3 
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continuum. If scores at the top of the Basic category reflect markedly different achievement 

than scores at the bottom of the category, then the category should be further $ubdivided into 

finer categories, or alternatives like trajectory models should be considered. 

To support growth predictions, categorical models can include the assumption that 

transitions across categories will continue in a linear fashion over time. This is a coarser, 

categorical version of the trajectory model that assumes that students continue to make the 

same gains each year as they have in recent years. If a student improves one performance 

level category from last year to this year, it might seem reasonable to then assume she 

will improve one more performance level category next year. In our illustrative example, 

our student of interest went from Below Basic to Basic from Grade 3 to Grade 4. Thus, if 

the student continues to make such growth, we would predict that she would move up yet 

another performance level next year and be Proficient. Rules can be set to label students as 

"on track" to reaching a desired performance level, such as Proficient or College and Career 

Ready. Section 3.5 discusses these rules further. 

~ 
What is the Statistical Foundation Underlying the Categorical Model? 

The categorical model is a re-expression of the gain score model using performance level 

categories instead of scale scores. It is implicitly a gain-based model of growth. 

The categorical model and the gain score model (Chapter 1) are similar in concept, although 

they express growth on different scales. The gain score model requires that each grade level 

test be linked to a common vertical scale, allowing for scores across grades to be comparable. 

It then defines gain scores as the difference in scale score points from one year to the next. In 

contrast, the categorical model requires that each grade level test scale be divided into distinct 

achievement level categories that have accompanying qualitative descriptions of the skills and 

mastery level students at that level should have. It then defines gain scores as the difference in 

performance level categories from one grade to the next. 

Gains in the categorical model can be expressed qualitatively, for example, "She was Below 

Basic in Grade 3 and Basic in Grade 4." The gains can also be expressed numerically, as in "a 

gain of one achievement level." The range of possible gains is substantially reduced from the 

gain score model to the categorical model. The gain score model uses the entire range of 

possible score scale points, whereas as the categorical model collapses the score scale into a 

far smaller number of categories. 

Categorical models allow for flexibility in the assignment of numbers or values to each 

category or to each transition. In the previous example, the transition could be weighted by 
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the number of categories that each student changed. This numerical assignment would result 

in any increase of one performance level to correspond to a gain of +1, any decrease in two 

performance levels corresponds to a gain of -2, and so on. In contrast, all positive transitions 

might be valued as +1 regardless of how many categories a student jumped. In other cases, 

certain transitions might be valued higher than others. 

A categorical model that uses careful assignment of different values to each transition is 

often referred to specifically as a "value table." Table 3.2 provides an example of a value 

table. In response to the allowance of growth models under the Growth Model Pilot Program, 

Delaware, like several other states, adopted a categorical model for determining accountability 

calculations under NelB. In this example, there are four performance level categories below 

Proficient. Any non-proficient student that gains in terms of achievement level categories 

receives a particular number of points. Students that reach the desired performance level 

category of Proficient receive the highest weight of 300 points. For the remaining positive 

transitions, larger jumps and jumps starting from performance level categories closer to 

Proficient are weighted highly. For instance, a student transitioning one category from level 1A 

to level 1B counts for 150 points, whereas a student transitioning one category from level 1B 

to level 2A counts for 175 points. 

Table 3.2 

Example of a Value Table 

Level Level Level 
Proficient

1B 2A 2B 

Level1A 150 225 250 300 

Level 1B 0 0 175 225 300 

Level2A 0 6 0 .200 300 

Level2B 0 0 0 0 300 

Proficient 0 0 0 0 300 

Source: Delaware Department of Education. (2010). For the 2009-2010 school year: State 

accountability in Delaware. Retrieved from, http://www.doe.k12.de.us/aab/accountability/ 

Accountability Files/School Acct 2009-2010.pdf 

The choice of values for a transition matrix can depend on several factors, such as policy and 

accountability decisions, the number of performance levels, the perceived difficulty in making 
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certain jumps in performance levels, and the time horizon for reaching a desired performance 

level. The relative advantage of the value table is that it can set clear incentives for schools 

for particular achievement level transitions. Although the accuracy of individual growth 

reporting and prediction may degrade due to the loss of information into broad categories, 

the categorical model can clearly communicate the relative priorities of educational policies. 

Section 3.5 further delves into important considerations when setting values. 

~ 
What are the Required Data Features for the Categorical Model? 

The categorical model requires student achievement levels at each time point of interest. 

These achievement levels are defined by cut scores and qualitative descriptions relating to 

student proficiency. Interpreting the transition between achievement level categories as 

growth requires an implicit vertical scale. 

The categorical model only requires student test scores reported in achievement levels 

like Basic, Proficient, and Advanced. The mapping of scores to achievement levels requires 

decisions about the number of achievement levels, the descriptions of these levels in terms 

of student performance, and the cut scores that divide the achievement categories on the 

score scale. 

State testing programs commonly set achievement level cut scores in the process of 

test development. However, these categories may be insufficient for supporting growth 

interpretations in a categorical model. If a state decides to use a categorical model for 

reporting growth to proficiency but only has three performance levels currently in place 

- Basic, Proficient, and Advanced - then a student cannot be deemed as "on track" to 

Proficient without actually reaching the proficiency performance level. If a Basic student 

moves up one level, that student is not on track to proficiency, that student is simply 

Proficient. In these situations, it is useful to subdivide the Basic category to facilitate finer

grain tracking of student progress toward proficiency. 

An essential requirement of the categorical model is that achievement levels must be 

articulated across the grade levels for which the growth model is applicable. Cross grade

level performance levels are linked in several fundamental ways. First, tests in each grade

level of interest must have the same set of performance levels. In other words, if the Grade 

3 levels are Low-1, Low-2, Intermediate, Proficient, and Advanced, then the Grade 4 levels 

must also be Low-1, Low-2, Intermediate, Proficient, and Advanced and likewise for all 

other grades of interest. Second, although the cut scores that classify students into each 

of these categories may change for each grade-level, compared to the other performance 
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levels, a particular performance level should correspond to the same relative achievement 

level each year. Moreover, the performance levels in and across grades must be aligned to 

some underlying continuum of mastery. Under these conditions, it is meaningful to attach 

interpretations of progress or growth to a change from Low-1 in Grade 3 to Low-2 in Grade 

4. Once such interpretations are made, however, even if the tests do not have an explicit 

vertical scale, model users are implicitly assuming a vertical scale exists across all the grade 

levels of interest. 

~ 
What Kinds of Group-Level Interpretations can the Categorical 
Model Support? 

At the group-level, the two most typical statistics reported for the categorical model are the 

percentage of students lion track" to a desired performance level, like proficiency or college 

and career readiness, and the average transition value over all the students in a group. 

Like the trajectory model, the categorical model is often implemented as a way to monitor 

and incentivize progress toward a desired performance level, such as proficiency or college 

and career readiness. Accordingly, a natural statistic to summarize group-level growth 

under this model is the percentage of students on track to the desired performance level. 

An alternative group-level statistic, particularly when weights are differentially attached to 

transitions (see Table 3.2), is the average transition value for all the students in the group. 

The percentage of on-track students describes group growth in terms of progress toward 

a desired goal. If a large percentage of students is making progress, this suggests that the 

group is generally improving with respect to a future standard. As with trajectory models, 

the percentage of on track students is either added to the percentage of proficient students 

or re-expressed as a percentage of students eligible to be on track. These percentages can 

themselves be compared to benchmarks such as Annual Measurable Objectives or other 

minimum required percentages. 
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Question 3.5: 

How Does the Categorical Model Set Standards for Expected or 
Adequate Growth? 

The categorical model is more dependent on judgmental standard setting procedures 

than most growth models. The scores that support growth calculations are achievement 

level categories determined by standards. Additional judgments must be incorporated to 

determine which category transitions are sufficient or what value they should be assigned. 

A third level of standard setting may be useful for evaluating whether group-level average 

growth is sufficient. 

In categorical models, growth is operationalized as a transition between categories. Any 

increase in a category may be deemed as adequate. Or, a relative value can be assigned to 

each transition as in Table 3.2. The value table framework adequately captures the scope of the 

standard setting task. It also illustrates the amount of control that policy designers can have in 

communicating the desired incentive structure to stakeholders. 

In simple models where any category gain is sufficient, an additional implication is that the 

student is on track to successively higher categories in the future. In this way, the categorical 

model functions as a coarse trajectory model, where a gain of one category is extrapolated and 

assumed to extend to future time points until proficiency is eventually met. 

For group growth, whether the growth statistic is the percentage of on-track students or the 

average of value table scores across students, separate standard-setting procedures will be 

required to establish whether these group growth magnitudes are sufficient. 

A feature of the categorical model is that no intuitive standard for growth arises naturally from 

the model. There is instead a degree of control in the form of the value table. The value table is 

at once transparent in its dependence on user input and deceptive in its coarseness and in its 

functioning as an implicit vertical scale. 

~ 
What are the Common Misinterpretations of the Categorical Model and 
Possible Unintended Consequences of its Use in Accountability Systems? 

Although categorical models do not require a vertical scale in a strict sense, the 

articulation of multiple cut scores across grades represents an implicit vertical scale that 

requires the same critical attention as vertical scaling. The grouping of scores into coarse 

categories leads to a loss of information in reporting both status and growth. 
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Although the categorical model does not require a vertical scale in the strict sense, the previous 

sections have demonstrated that growth interpretations from categorical models require 

interpretation of the articulated cut scores as an implicit vertical scale. If a transition from Below 

Basic in one grade to Basic in the next grade is interpretable as growth, then the cut score must 

share some common meaning across grades, not just in relative stringency, but in the content 

domain as well. If the model also assumes that a transition across one category boundary 

predicts a transition across subsequent category boundaries, then the categorical model acts 

as a coarse trajectory model and requires the same attention to its underlying vertical scale. 

The grouping of the scores into categories leads to a loss of information both in the reporting 

of scores and the description and prediction of growth. As Figure 3.2 demonstrates, the 

categories represent a kind of relative stringency that mayor may not conflict with user intuition 

about growth. More problematically, a broad range of implicit gain scores will be mapped into 

the same transitions, and gain scores that are equal lead to a category gain in some cases and 

not in others. These facts suggest that the reporting of categorical model results should be 

limited or withheld at the student level. 

At the school level, the categorical model is clearer than other models in its communication of 

differentiated incentives for different transitions, particularly when values in value tables are 

carefully considered. Although the values may seem arbitrary, they are no less arbitrary than 

assuming that gain scores should count equally, as the gain score model generally does, or that 

students should be on track to a particular standard by a particular time horizon, as a trajectory 

model can do. However, because the categorical model shares the same underlying statistical 

foundation as gain score and trajectory models, it also shares the undesirable feature where the 

artificial deflation of initial scores (in this case, categories) will inflate the observed transitions of 

students. This can be seen in Table 3.2, where, in any given column, points are maximized when 

students are in lower initial categories. This is the same underlying, "gaming" mechanism that 

can inflate gain scores and trajectories in the models in the two previous chapters. 
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CHAPTER 4 
"rhe Residual Gain Model 

The residual gain model can be motivated by concerns 

about the gain scores used in the gain-based models, 

particularly the purported low reliability of gain scores 

and ceiling effects for high-scoring students. The 

residual gain model uses linear regression to determine 

expected current status for students at different initial 

scores. These expectations are derived empirically 

given past scores. The residual gain is simply each 

student's observed current status minus his or her 

expected current status. This difference between 

observed and expected outcomes is commonly 

referred to as the "residual" in regression terminology. 

Residual gain scores represent the amount students 

scored above or below what was expected given their 

past performance. 

Residual gain scores support growth description by 

answering the question 

How much higher or lower has 
this student scored than expected 

given her past scores? 

Because residual gain scores are the differences 

between observed and expected current status, they 

RESIDUAL GAIN MODEL 

Aliases and Variants: 
• Residual Difference Moder, 
-CovariateAdjustment Model 
• Regression Model 
• Percentile Rank of Residuals 

Primary Interpretation: 
.' Growth description 

Statistical Foundation: 
Conditional status 
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are also on the same scale as the current test score. They report current status in terms of, 

or "conditional upon," past scores, making them a conditional status model instead of a 

gain-based model. 

Although the statistical model used in computing residual gains sets a statistical expectation 

for growth, residual gain models may require additional judgmental standards to determine 

what amount of residual gain represents "adequate" growth. This is described in Section 4.5. 

The following subsections address each of the six questions of interest to further elaborate on 

this model, particularly as it stands in stark contrast to the gain score model. 

67 



Question 4.1 : 

What Primary Interpretation Does the Residual Gain Model Best Support? 

The residual gain model supports growth description by describing how much higher 

or lower a student scored than what was expected given her prior year's score. 

The simplest form of the residual gain model involves setting expectations for current 

scores based on only one set of previous scores. In this case, the residual gain model and 

the gain score model can use the exact same data but describe growth in a fundamentally 

different way. Instead of describing how much a student changed this year from last year as 

the gain score model does, the residual gain model describes how much higher or lower a 

student scored this year than expected given last year's scores. 

The residual gain model uses a statistical model known as linear regression to set empirical 

expectations for current scores given past scores. It is useful to note here, however, that 

linear regression in the residual gain model is for describing current scores given past 

scores and not for predicting future scores given current and past scores. This distinction is 

apparent when contrasting the residual gain and projection models in the next chapter. 

Question 4.2: 

What is the Statistical Foundation Underlying the Residual Gain Model? 

Although the name "residual gain model" suggests that this growth model is gain

based, it is actually a conditional status model. Gain-based models involve taking a 

difference between current and past performance. In contrast, the residual gain model 

takes the difference between current performance and expected current performance 

given, or conditional upon, prior performance. 

The residual gain model uses linear regression to calculate expected current scores given 

past scores. These expectations are statistical and empirically derived. Unlike the gain 

score model, scores from each included grade level do not need to be from vertically 

scaled assessments. This section explains the statistical model underlying the residual gain 

model for the simplest case of using data from only one prior grade level as a predictor 

in the linear regression model. However, it is straightforward and common to include 

greater numbers of previous grade scores, and the regression model is also fully capable of 

incorporating demographic variables to establish expectations as well. 

Linear regression is a useful statistical method that supports prediction of an outcome 

variable, in this case, the current score, using one or more other predictor variables, in 

this case, one or more past scores. The choice of predictors is generally motivated by 
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associations between the predictor and the outcome, so that knowing a value on the 

predictor variable provides information about the value of the outcome variable. In this 

case, because relationships between past and current scores are generally moderate to 

strong and linear, the model often fits the data well. Linear regression provides expected 

values for the outcome variable by finding the line that best fits the averages of the 

outcome variable at each level of the predictors. This is most readily understood with an 

example and a graph, which follow for the residual gain model context. 

The following example assumes a small group of students currently in Grade 4 with test 

scores from the current grade and the previous grade, Grade 3. For purely illustrative 

purposes, suppose there are only 8 fourth graders in the group of interest. Figure 4.1(a) 

provides a scatterplot of these students' Grade 3 and Grade 4 scores. The 8 students 

are represented by 8 solid dots. The horizontal position of the points is determined by 

the student's Grade 3 score and the vertical position by the student's Grade 4 score. 

This plot shows that students earned scores of 345,350, or 355 in Grade 3, but earned 

scores ranging from 335 to 385 in Grade 4. The solid black line in Figure 4.1(a) represents 

the output of the linear regression model, a line that predicts Grade 4 scores given 

Grade 3 scores. 

This line represents the best fit of the average Grade 4 score across all Grade 3 scores, in 

this case, all 3 of them. Unsurprisingly, the line goes roughly through the middle of each of 

the three vertically aligned sets of points at the Grade 3 scores of 345, 350, and 355. The 

line therefore represents the expected Grade 4 score at each possible Grade 3 score. For 

instance, in Figure 4.1(b) a dashed horizontal arrow from the linear regression line shows 

that at a Grade 3 score of 350, the expected Grade 4 score is 364. This result supports 

an interpretation like the following, "Students who earn a score of 350 in Grade 3 are 

expected, on average, to earn a score of 364 in Grade 4." 

Fitting the linear regression line is only one step in the residual gain model. Figure 

4.1(b) illustrates the next step that results in residual gain scores. The residual gain score 

is found by taking what is commonly called the residual, or the difference between 

the observed score on the outcome variable and the expected score on the outcome 

variable. In this example, this difference is between students' observed and expected 

Grade 4 scores. Figure 4.1(b) shows this difference for a particular student who earned 

a score of 350 in Grade 3 and a score of 375 in Grade 4. This student's expected score 

is empirically derived from the regression line as 364. The student's residual gain is the 

simple difference between the observed and expected score as follows: 
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Residual Gain Score	 = Observed Grade 4 Score - Expected Grade 4 Score 

= 375 - 364 

= +11 

The student's residual gain score of +11 indicates that he scored 11 points higher on the 

Grade 4 test than expected given his Grade 3 score of 350. A negative residual gain score 

indicates that a student scored below his/her expected score. Graphically, the residual 

gain is visually represented by the vertical distance between any point and the regression 

line. Students above the regression line have positive residual gains, and students 

below the regression line have negative residual gains. This illustration demonstrates 

that the residual gain score does not truly represent a gain, a change in points from one 

grade to the next, as in the gain score, trajectory, and categorical models. Instead, it is 

achievement beyond expectations given past scores. 

Figure 4.1
 

Illustration of the Residual Gain Model
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(b) Step 2
 
Computing Residuals
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Residual Gain Score = 
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Question 4.3: 

What are the Required Data Features for the Residual Gain Model? 

Residual gain models, and conditional status models in general, do not require test 

score scales to be linked across grades. This is due to their emphasis on conditional 

status, that is, status beyond expectation, instead of growth over time. Like any 

growth or status model, residual gain models require appropriate within-grade scales. 

The assumptions of linear regression must be met, including linear relationships 

between current and past scores and similar amounts of variation in current scores for 

any particular past score. When these latter assumptions are not met, more flexible 

regression models can be used. 

By framing growth in terms of conditional status, the residual gain model is applicable to 

a broader range of test score data than gain-based models. The scores of interest do not 

need to be linked on a common vertical scale across grades, and the model can easily 
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accommodate more than one prior year of data if desired. Although the various grade level 

test scores do not need to be linked on a vertical scale, they do ~eed to be linearly related. 

One approach to evaluating this is through plots of the current grade level scores against 

each of the prior grade level scores, where the relationship should look linear, roughly 

like Figure 4.1. When there are nonlinear relationships, inaccurate expectations and thus 

inaccurate residual gains can result. 

An additional requirement of regression models is that the conditional variability of outcome 

scores should be similar across different levels of the predictors. In Figure 4.1, this can be 

visualized in terms of the spread of points around the regression line at each vertical slice, 

345,350, and 355. At each level, the overall variation should be similar. In the case of Figure 

4.1, it may seem as though the variability at the score level of 355 is smaller, that is, the 

points are clustered closer to the line, but the sample size is far too small to make such a 

determination. However, in a large sample situation, when the variability is not equal across 

predictor values, higher scoring students may have far more or less variable residual gain 

scores than lower scoring students. This may be an observation that reflects reality, but if it is 

instead an artifact of the scaling of the test, an alternative regression model, like those used 

in Student Growth Percentiles, may be warranted. 

To understand why vertical scaling is not required of conditional status models, it is most 

helpful to reframe the nature of the growth that these models measure. This growth is less 

a fixed quantity that is being estimated and more a comparison between status and a key 

concept: expectations. These expectations can be based on prior year scores from a single 

grade, as in Figure 4.1, or a collection of prior year scores from multiple grades. However, the 

regression model does not consider these prior grade scores as a trajectory over time, but an 

unordered combination of facts that generate an empirical expectation. 

In the context of a newborn growing over time, the gain-based approach tracks the 

weight over time, from 8 pounds to 9 pounds to 10 pounds at one, two, and three months, 

respectively, for example. The conditional status model asks instead, given that the newborn 

was 8 pounds at one month and 9 pounds at two months, how much heavier is she than 

expected at three months? We could also add, given that this newborn is a girl, and breast

fed, and from the United States, how much heavier is she than expected at three months? 

Each variable that is added, or conditioned upon, changes the expected weight at three 

months, and it is clear the variables that set these expectations need not be on the same 

scale. For example, it is clear that the sex and nationality of the newborn are not on the same 

scale as the outcome. The regression model is a tool for setting expectations, and, as such, 

it does not require the variables that set these expectations to be on the same scale as the 

outcome or each other. 
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~ 
What Kinds of Group-Level Interpretations can the Residual Gain 
Model Support? 

The residual gain model supports simple group-level statistics through averaging. 

The residual gains of a group can be averaged within a grade, although comparison 

of averages across grade levels requires a common across-grade scale. The average 

residual gain score represents the average amount students in the group scored above 

or below expectations given their past performance. 

Several group-level statistics can be computed for the residual gain model to summarize the 

performance of all students in a group. The most typical summary statistic is the average residual 

gain for the students in a group. As a technical point of reference, it is worth remembering that, 

across the entire dataset to which the regression is applied, the average residual is always zero. 

In Figure 4.1, with a hypothetical group of 8 fourth grade students, the mean residual gain score 

across all 8 students is zero. This should be intuitive. If the regression model is working properly, 

the average expected value should be the same as the average observed value. However, for any 

subgroup of the 8 students, the mean residual gain score is not necessarily zero. 

The sign and magnitude of the average residual gain score reflects the average status of 

students in the group of interest, above and beyond expectations. Figure 4.2 helps to illustrate 

group-level performance as measured by the residual gain model. Figure 4.2 is a reproduction 

of Figure 4.1 (a), but, in this case, there are circles around some collections of points to indicate 

different groups, in this case, hypothetical small classrooms of students. One set of students is 

labeled as "Group A" and another as "Group B." The three students in Group A have varying 

prior Grade 3 scores, but all have points above the regression line, indicating that all of these 

students have Grade 4 scores greater than expectations based on Grade 3 scores. Their 

residual gain scores are about 10.51, 10.64, and 5.77 from left to right in the figure. The simple 

average of these three residual gain scores is around 9. 

This average residual gain of 9 can be interpreted as, "Students in Group A, on average, scored » 
nine points higher than expected given their prior year scores." In other words, given their Grade 3 OJ

\) 

~ 
scores, on average, these students exceeded expectations for their Grade 4 test by 9 points. Group a-: 

o 
:JA is thus labeled as a "High Residual Gain" group in Figure 4.2. In contrast, Group B's two students CD.., 
<n' 

performed worse than expected given their initial scores. Both of these students have points that lie G) 

Qbelow the regression line and thus have negative residual gain scores. These residual gain scores are 
CD 

about -14.49 and -9.36, which results in an average residual gain score of around -12. On average, 0
G) 

Group B's students scored about 12 points below expected on the Grade 4 test given their Grade a 
~ 

3 scores. Relative to other students with the same prior Grade 3 scores, these students performed ::r
s:: 

worse on the Grade 4 test than expected, making them a "low residual gain" group. o
Q 
CD 
Ul 

C 
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Figure 4.2 

Group-Level Interpretations from the Residual Gain Model 
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This example is rather simplified as it involves extremely small groups comprised of students who 

had either all negative residual gain scores or all positive residual gain scores. In practice, groups 

will likely have a mixture, but summary statistics like the mean, median, and standard deviation of 

residual gains can summarize the patterns of student status beyond expectations for groups. 

A more formal statistical approach to simple averages of residual gains is known as the 

covariate adjustment model. Instead of growth description, the covariate adjustment model 

primarily supports value-added interpretations. It is called a covariate adjustment model 

because it adjusts expectations about current status using various predictor variables, just as 

the residual gain model does. It contrasts with the residual gain model by providing formal 

group-level estimates of group status compared to a baseline by explicitly incorporating group 

membership variables in the model. These group-level estimates can support discussions about 

whether group membership, whether it is to a classroom or school, predicts student test scores 

above and beyond past scores. 
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The intuition behind the covariate adjustment model is nearly identical to that supporting 

Figure 4.2. Classroom and school estimates from covariate adjustment models are in fact 

strikingly similar to averages of residual gain scores in practice. However, the covariate 

adjustment model fits separate regression lines for each group and compares these lines to 

each other, where higher lines imply higher status beyond expectation. This is a statistical 

improvement over the ad hoc, two-step approach of averaging residual gains after the 

regression model has been fit. 

The underlying similarities between the residual gain model and the covariate adjustment 

model allow for deeper insight into the use of these models for value-added interpretations. 

The residual gain model is used for growth description. This growth is best described as 

status above and beyond expectations set by other variables. At the group level, an average 

residual gain is a statement about a group's average status beyond expectations. The covariate 

adjustment model supports both a statistical and substantive extension of the averaged 

residual gain approach. The statistical extension is an improved method for estimating average 

status beyond expectations. The substantive extension is the assumption that this average 

status beyond expectations is the value that the educator or school adds to the average test 

scores in the group. 

Question 4.5: 

How Does the Residual Gain Model Set Standards for Expected or 
Adequate Growth? 

The residual gain model references expected status given past performance. Such 

expectations are statistically defined and do not relate to what amount of growth is 

"adequate" in an accountability setting. Value judgments can be made by an informed 

committee about thresholds for adequate student-level and group-level (average) residual 

gain scores for particular grades and subjects. 

As a linear regression model, the residual gain model sets statistical expectations for current 

performance given past performance. Accordingly, this model allows for computations of 

how much students deviate from an expected level of performance, resulting in residual gain 

scores. However, the residual gain score in and of itself does not indicate whether improvement 

was "good enough" in the settings of accountability or evaluation. Such judgments require 
Cl 

additional input by invested stakeholders. c
Q 
(j) 

0
One approach involves selecting a standard and operationalizing it as a cut score on the Cl 

(3
residual gain metric. The cut score can be set on the scale itself if there is clear understanding 

~ 
of what 5, 10, or 50 points above expectations actually means on the score scale. 

~ 
o
Q 
(j) 

V> 
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Alternatively, the standard can be set normatively, such as defining the top 30 percent of 

residual gain scores as exceeding expectations. Alternatively, the residual gains can be sorted 

and reported as percentile ranks, resulting in percentile ranks of residuals. In practice, these 

percentile ranks of residuals are very similar to Student Growth Percentiles (Castellano & Ho, 

in press). This normative approach can support comparisons of residual gains across different 

grades and subjects. 

The residual gain model sets expectations empirically for a particular group of interest. By 

definition, for this group, approximately half of the residual gain scores will be positive and 

the others negative. Setting standards on a fundamentally relative metric may be undesirable 

as, ironically, growth over time will be difficult to measure. An alternative approach involves 

assuming that residual gains will persist over time into the future, and comparing these future 

scores to future cut scores. This extension shifts the primary interpretation of the residual gain 

model from growth description to growth prediction, but it allows for standards to be set on 

the residual gain metric that are free from the "tyranny of averages" where approximately half 

of students will always be below average. 

~ 
What are the Common Misinterpretations of the Residual Gain Model and 
Possible Unintended Consequences of its Use in Accountability Systems? 

The residual gain model is something of a misnomer, as it is less a gain than it is status 

beyond expectations given past scores. When assumptions of the linear regression model, 

including linearity and common outcome variance across prior scores, do not hold, residual 

gains can be systematically distorted for higher or lower scorers. 

The residual gain model is not a central feature of any active state accountability systems, 

although it serves as a basis or helpful contrast for many active models, including its close 

cousin, Student Growth Percentiles. Its most natural extension, the covariate adjustment model, 

is one of the most common models supporting value-added interpretations. The model is often 

used in experimental research where there is interest in the effectiveness of a treatment in a 

pretest/posttest design. 

An obvious misinterpretation of the residual gain model would be to assume it describes 

growth over time in a similar manner as the gain-score model. As this section has 

demonstrated, the residual gain is a fundamentally distinct quantity from the gain score. It is 

a difference between an actual score and an expected score. The expected score is derived 

empirically from past scores and will change if different combinations of variables are used to 

establish expectations. 
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If residual gain scores were used in a high-stakes system, the model assumptions - linearity 

and common outcome variance across prior scores - become more important. Violations will 

lead to systematic relationships between initial status and the average and variability of residual 

gains. More generally, residual gain models, like gain-based models, share the property that 

may incentivize "gaming" the system by artificially decreasing students' initial scores so as to 

increase their residual gains. This can be visualized in Figure 4:lb, where points that shift to 

the left, that is, declining in initial scores while maintaining current scores, will have a larger 

residual gain. Of course, unlike gain-based models, the shifting of points changes the empirical 

expectations, thus this strategy only works if these shifting points have a negligible effect on 

the regression line. 

The empirical derivation of expected scores using extant student data is a reminder that 

residual gains are based on the performance of their peers. It follows that expectations will 

change if different students were included in the regression analysis. This is a property of all 

conditional status metrics. The word "conditional" emphasizes that any growth interpretation 

is conditional on prior performance - not just of the student of interest, but all students in the 

cohort of interest. Returning to the example presented in this chapter, a student who is in fourth 

grade next year could earn the exact same Grade 3 and Grade 4 scores as a student in this 

year's cohort, but receive a different residual gain score if the students in general performed 

differently. In particular, if the relationship between current and prior scores is distinct from 

the one presented in Figures 4.1 and 4.2, the fitted regression line will be different, resulting in 

different expected scores and, in turn, different residual gain scores. 
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CHAPTERS
 
The Projection Model
 

The projection model, sometimes known as the prediction 

or regression model, is primarily used to project or predict 

scores in a future grade, supporting growth prediction. It 

fundamentally answers the question 

Given this student's observed past scores, 

and based on patterns of scores in the past, 
where is she likely to score in the future? 

The projection model relies on linear regression to 

answer this question. The model uses test score data 

from a past cohort of students who have already 

completed the future grade of interest to estimate a 

prediction equation. This equation is then applied to 

the data for a current cohort of students to predict 

their future scores. A necessary step in establishing a 

projection model is the determination of a time horizon 

to which the model will predict future status. 

The predicted future status can be evaluated with respect 

to a future standard such as "Proficiency." Predicted 

status above this standard can support the judgment that 

the student is "on track" and making "adequate growth." 

Question 5.1: 

PROJECTION MODEL 

.. 
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What Primary Interpretation Does the Projection Model Best Support? 

The projection model uses a statistical technique to predict future scores from current and 

prior year scores. It is specifically designed to support growth prediction. 

The projection model is designed to predict student test scores in a future grade. Relying on the 

statistical tool of linear regression, this model allows for interpretations like, "On average, students 

with a score of 110 on the Grade 3 mathematics test and 250 on the Grade 4 mathematics test 

have a predicted Grade 5 mathematics score of 275." The predicted scores can be compared 

against a target score, such as the future grade's proficiency cut score, to support interpretations 

about adequate growth. 
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The projection model and the trajectory model both support growth prediction; however the 

projection model operates under fundamentally different assumptions and data requirements than 

the trajectory model. A simple way to describe the contrast is that the projection model is more data

driven, whereas the trajectory model is more scale-driven. The projection model uses regression to 

maximize the predictive accuracy of the model. If a variable does not contribute to the prediction of 

future status, the regression model will assign it a lower weight. In this way, the projection model is 

informed by the data and results in an equation that maximizes predictive accuracy. 

In contrast, the trajectory model is scale-driven. It relies on the construction of a vertical scale and the 

assumption that a linear extrapolation of observed trajectories is defensible. Because it is less reliant 

on data-driven predictions, it is, as noted in Chapter 2, more of a descriptive and aspirational model 

than an empirical model. 

The projection model approach to growth prediction can be taken to a mercenary extreme. Any 

available variable can be used to increase predictive accuracy, extending beyond previous test scores 

in the same subject to test scores from different subjects, demographic variables, and c1assroom

and school-level variables. If predictive accuracy is the primary goal, inclusion of these variables 

can be well motivated even as it becomes detached from an intuitive idea of growth. If the model 

is intended to create incentives to maximize student growth, prediction may be less important than 

communicating information that supports educator efforts to increase student growth. 

Question 5.2: 

What is the Statistical Foundation Underlying the Projection Model? 

The projection model is an example of a conditional status model. Given current and past 

scores, the model predicts a future status. Unlike gain-based models, growth is not defined 

as an increase in some quantity over time. Instead, current and past scores are used as 

unordered inputs to a weighted prediction equation for future status. 

The projection model, like the residual gain model, uses linear regression for prediction and the 

setting of expectations given past scores. Unlike the residual gain model, the outcome variable 

is not the "current" year score but a future score for which a prediction is desired. Although both 

the residual gain model and the projection model use linear regression, the differences between 

the models are more substantial than, for example, the difference between the gain-score and the 

trajectory model. The projection model is not an "extension" of a residual gain score in the same 

way that the trajectory model is an extension of a gain score. The residual gain model describes the 

difference between current status and an empirical expectation for current status. The projection 

model establishes an empirical expectation for future status, period. The next paragraphs review 

the example used in the previous chapter and adapt it for the primary goal of growth prediction. 
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As was noted in the previous chapter, the residual gain model provides a score for each student 

that denotes how much a student scored beyond expectations given past scores. In the 

simplest case, only one prior year score is included in the regression. The current year score is 

the outcome variable and the prior year score is the predictor. Figure 5.1 illustrates this scenario 

by reproducing Figure 4.1(bl, where a small group of eight Grade 4 students has their Grade 4 

scores plotted on their Grade 3 scores. Each point in Figure 5.1 represents a student, where the 

horizontal location of the point is determined by the Grade 3 score, and the vertical location is 

determined by the Grade 4 score. 

In the residual gain model, the prediction of the outcome variable is an intermediate step 

on the way to the residual gain score calculation. The predicted outcome is for the current 

year score, which has already been observed for this set of students. The interest is in the 

distance between the observed outcome and this predicted or, more specifically, expected 

outcome. This difference between the observed scores and expected Grade 4 scores is called 

a "residual" in the context of regression and a "residual gain score" in the context of this guide. 

The projection model, in contrast, focuses on the prediction itself, but for a different set of 

students who have not yet taken the Grade 4 test. 

Figure 5.1 

Illustration of the Residual Gain Model: Regression of Grade 4 Scores on 

Grade 3 Scores 
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Figure 5.1 illustrates the computation of the residual gain score for a particular student. This 

student earned a 375 in Grade 4 and a 350 in Grade 3. It is clear from the graph that the 

student scored higher than the other two students who also scored a 350 in Grade 3. The 

regression line establishes the student's expected Grade 4 score at about 364, 11 score points 

below the observed score of 375. The residual gain score for this student is +11, indicating a 

score that is 11 points higher than expected given past performance. 

The residual gain model allows for growth description for the students used to fit the regression. 

The projection model, on the other hand, takes the linear regression fitted for one cohort 

of students and applies it to another set of students who have yet to reach the future grade 

of interest. Using the same example, we may switch our primary interpretation from growth 

description for current Grade 4 students to growth prediction for current Grade 3 students. The 

current Grade 3 students will not enter Grade 4 until the next academic year. Their Grade 4 scores 

are not known, but their Grade 3 scores are. However, the prediction line in Figure 5.1 can be 

estimated from the current Grade 4 students who do have data. Then, this line, which was used to 

provide expected Grade 4 scores for the current fourth graders in the residual gain model, can be 

used to predict the future Grade 4 scores of the current third graders. 

Figure 5.2 

The Projection Model: Using a Prediction Line Estimated from one Cohort to Predict 

Grade 4 Scores for another Cohort 
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To illustrate this prediction process, Figure 5.2 reproduces the exact same prediction line 

estimated in Figure 5.1. Although this line is estimated using the scores of the students shown in 

Figure 5.1, these students are no longer of interest and are not shown. Instead, their prediction 

line is used to predict Grade 4 scores given current Grade 3 scores. Figure 5.2 illustrates 

predictions for students earning Grade 3 scores of 350 and 356. From the previous discussion, 

the expected or predicted Grade 4 score is 364 for students who scored 350 on the Grade 3 

test. This is illustrated by the solid arrow going from the Grade 3 score of 350 to the regression 

line and then from the regression line to the vertical axis at the Grade 4 predicted value of 364. 

The regression line allows for Grade 4 score predictions based on any possible Grade 3 score, not 

just for students at the score values of the cohort from which the line was derived. For instance, 

Figure 5.1 contains no students in the current Grade 4 cohort who scored a 356 on the Grade 3 

test. However, a student in the current Grade 3 cohort may have a score of 356, and this student 

will still have a prediction, 382, as shown in Figure 5.2. This calculation is supported by a prediction 

equation that is the output of the regression model. In this example, the prediction equation is 

Predicted Grade 4 Score = -677.667 + (2.974)*(Observed Grade 3 Score) 

where -677.667 is the intercept and 2.974 is the slope or regression weight for the prior 

observed Grade 3 score. Any student with an observed Grade 3 score can be entered into 

this equation to find a predicted Grade 4 score. For instance, entering 350 and 356 into this 

equation for the "Observed Grade 3 Score" will return the predicted values shown in Figure 

5.2. It is clear that this regression equation can only be estimated using data for students who 

already have Grade 4 scores. The projection model thus requires longitudinal data from a past 

cohort of students that have test scores in all predictor and target grades. 

Figures 5.1 and 5.2 are the simplest versions of the projection model where there is only one 

predictor. In practice, projection models make predictions much farther into the future than 

one year and use more than one year of data as a predictor. With a large enough longitudinal 

dataset that spans 6 grades, a prediction equation can be estimated to support predictions 

for current Grade 5 students on the future Grade 8 test. In such a scenario, the current Grade 

5 cohort may use scores in Grades 3, 4, and 5 to support their predictions. The prediction 

equation takes the following form: 

Predicted Grade 8 Score =	 Intercept + [a * (Observed Grade 3 Score)] + 

[b * (Observed Grade 4 Score)] + [c * (Observed Grade 5 Score)] 

Here, a, b, and c are simply placeholders for the estimated regression weights. The intercept 

is the predicted Grade 8 score when the Grade 3, 4, and 5 scores are all zero, which does not 

mean that zero must be a pOSSible score for each grade-level test. The intercept is needed to 

anchor the regression line and is usually not an interpretable value in a practical setting. In this 
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case, and any case in which there is more than one predictor, it is no longer possible to graph 

the relationships in two dimensions, however the intuition of fitting a model to set expectations 

and maximize predictive accuracy still applies. 

~ 
What are the Required Data Features for the Projection Model? 

The projection model does not require vertical scales underlying different grade level 

tests and can accommodate as many predictor variables as are available. The model does 

rely on regression assumptions, such as linear relationships between predictors and the 

outcome, for predictive accuracy_ The projection model also requires longitudinal data 

over a significant grade span. To obtain a prediction equation for a future target grade, 

the model must use a previous cohort of students with longitudinally linked data from the 

earliest grade that supports prediction to the target grade of interest. 

The projection model is flexible in the types of variables it can accommodate, but is demanding 

in terms of the data required to produce growth predictions. The model is more flexible than 

gain-based models in not requiring a vertical scale, and many prior years of data can function 

as predictors along with non-test-score variables, if desired. However, with greater numbers 

of grade-level and subject area tests included as predictors in the model, the percentage of 

students with missing data will be higher and may need to be addressed through "imputation" 

of missing values, where missing data are estimated according to assumptions.. Missing data 

will be an issue with both the current cohort that requires prediction and the previous cohort 

that supports the prediction equation. 

The projection model requires selection of predictor variables and the future target outcome of 

interest. Once these are selected, a cohort must exist that has longitudinally linked data for all of 

these variables. In the example in the previous section, where three recent grades of data are used 

to predict an outcome three years into the future, the model requires longitudinal data spanning six 

years. This past "reference" cohort will generate the prediction equation. There is also a requirement 

that this reference cohort be substantively similar to the current cohort. Substantive differences 

between the cohorts may result in an irrelevant regression equation and poor prediction. 

The use of the regression model requires attention to regression model assumptions. Like the residual 

gain model, the projection model assumes a linear relationship between the outcome variable and the 

predictors. If there are nonlinear relationships, this will degrade the overall predictive accuracy of the 

model and may lead to inaccurate predictions for students with particular patterns of scores. 

Finally, if the projection model's predicted scores are compared to standards in that particular 

grade, some articulation of standards across grades is necessary to prevent counterintuitive 
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findings. For both the trajectory and the projection model, highly variable standards across 

grades can lead to nonsensical results where, for example, students are on track to proficiency 

in Grades 6 and 8, but not Grade 7. 

~ 
What Kinds of Group-Level Interpretations can the Projection Model Support? 

Projection models result in predicted scores that can be aggregated to average predicted 

scores. Alternatively, individual students can be classified as satisfactory or "on track" to 

some future standard based on their predicted future score, and a group-level statistic can 

be the percentage of students who are on track to reach the future target score. 

The projection model can produce two useful group-level statistics - an average predicted 

future score and a percentage of students "on track" to some future standard. The projection 

model uses the estimated prediction equation to provide predicted scores for all students. 

These may be averaged for a group of interest. Other summary statistics, like the median 

and standard deviation, can be used to describe the central tendency and variability of the 

predicted scores of a group. Using the example from Figures 5.1 and 5.2, if a particular group 

of interest has three students with Grade 3 scores of 350,350, and 356, these can be readily 

inserted into the prediction equation. The Grade 4 predicted scores are 364, 364, and 382 

respectively, and the average predicted Grade 4 score is 370. 

This average can be interpreted as, "Based on their Grade 3 performance, the students in this 

group have an average predicted Grade 4 score of 370." This average predicted score can be 

compared against a future standard, such as the Proficient cut score in Grade 4. If the average 

predicted score is above the target score, then, on average, the average student in the group 

is predicted to exceed the standard. Standard setting committees could also determine cut 

points for which average predicted scores might correspond to "low," "typical," or "high" 

group growth. 

If an individual's growth to a standard is the primary focus of accountability, the predicted 

status of each individual can be compared to the future standard. If a student's predicted status 

is higher than the future standard, that student can be considered to be "on track." Group 

performance can be summarized by the percentage of students in the group who are predicted 
G)

to meet or exceed the future standard. If, in our example, the Grade 4 standard of interest c 
Q 

is a proficiency cut score of 375, then only one of the three students is predicted to exceed CD 

o 
this target, resulting in the group having 33 percent (1/3) of its students on track. Additional G) 

a
standards could be set for gauging whether this percentage is adequate. 
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~ 
How Does the Projection Model Set Standards for Expected or 
Adequate Growth? 

The projection model returns a predicted future score for each student. This score can 

be compared to a target cut score or otherwise evaluated for adequacy. Similarly, the 

aggregation of predicted scores for a particular group, for example, into an average 

predicted score, can be compared to a group-level standard, and the percentage of 

students on track to the target cut score can be compared against some desirable threshold. 

The trajectory and projection models both support growth prediction and offer predicted 

scores on the scale of the test at the target grade. These scores can be compared to the 

relevant cut score at the target grade. This may be a cut score that has been previously set 

for another purpose, or it may be an alternative cut score established with explicit attention 

to the role of growth prediction. The decision rule is then as simple as deeming students as 

"on track" if their predicted score exceeds the standard. Finer grain categorical distinctions 

are also possible. There may be multiple standards for both students' predicted scores and 

for groups' average predicted scores. These additional cut scores could distinguish among 

different levels of growth, such as "low," "typical," and "high." 

Like the trajectory model, growth predictions can be updated each year that new data 

become available. Students transitioning to a new grade may use the prediction equation that 

includes the most recent grade as an additional predictor. A decision also needs to be made 

about whether the time horizon for prediction should be a moving window of, say, three 

years, or if it should diminish with each year the student is in the growth model. This might, 

for example, require a student to actually reach a standard (instead of merely being on track) 

within three years or before graduation from the school, whichever is sooner. As with the 

trajectory model, the number of years to the target time horizon of interest is a consequential 

standard setting decision. 

As each year brings new data, the prediction equations themselves may be updated. It 

may be more desirable to fix prediction equations for multiple year windows instead of 

recalculating them annually. In spite of a possible degradation in prediction accuracy, 

fixing prediction equations keeps two students with identical score patterns from having 

different predictions from one year to the next. Instability in prediction equations is akin 

to instability in standards and may be minimized to allow standards to gain consistent 

meaning over time. 
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~ 
What are the Common Misinterpretations of the Projection Model and 
Possible Unintended Consequences of its Use in Accountability Systems? 

The metaphor of "projection" can imply an extension from a current trend, thus 

the projection model is often incorrectly assumed to function like the trajectory 

model. Pursuing a goal of prediction can lead to diminishing returns for the goal of 

incentivizing growth. 

The word "projection" is consistent with both prediction and the extrapolation of 

a line, thus the projection model is often assumed to work the same as a trajectory 

model. Instead, the two contrast starkly, and no trajectory over time is modeled or even 

recoverable from the construction of the projection model. 

When the cohort that estimates the prediction equation differs from the cohort whose 

scores are predicted, poor prediction and systematic distortions can be introduced into the 

model. The prediction equations will also tend to degrade over time as the relationships 

between grade-to-grade scores change with shifting instruction and accountability 

structures. More generally, violations of the linear regression model, including nonlinearity 

of relationships between target and predictor grades, will have similar negative effects on 

prediction accuracy. 

Finally, strict adherence to the goal of predictive accuracy is likely to diminish the 

formative potential of this particular model. First, maximizing prediction motivates the 

incorporation of ancillary predictor variables that may have weak substantive justification, 

like including scores from other subjects or demographic variables. These will improve 

prediction but are poorly aligned with intuition about classroom learning. Second, 

teacher response to a student with low predicted growth does not follow from the model, 

particularly when so few of the variables are under the teacher's direct control. Trying to 

maximize the accuracy of future predictions seems at odds with the classroom goal, which 

is, ideally, rendering predictions for low-scoring students inaccurate. When multi-predictor 

prediction equations show that no score on any single test is sufficient to raise a low

projection student to an on-track designation, the predictive accuracy of the model seems 

to diminish the incentives to teach these students. Although a status model layered over a 

projection model can provide more hope for these "condemned-by-prediction" students, G) 
c:: 

gain-based alternatives like trajectory models may allow for improved incentives while Q
CD 

preserving a reasonable level of predictive utility (Hoffer, Hedberg, Brown, Halverson, 8" 
G) 

Reid-Brossard, Ho, & Furgol, 2011; Ho, 2011). C3 
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CHAPTER 6
 
The Student Growth Percentile Model
 

The Student Growth Percentile (SGP) model offers a 

normative foundation for the calculation and interpretation 

of growth. Although this model uses a relatively complex 

statistical framework, the procedure is open-source, 

well described, and explainable with accessible, visually 

appealing graphics (Betebenner, 2009). Because the SGP 

model is a relatively recent and popular development, this 

chapter will offer a particularly detailed exposition. 

Damien Betebenner's SPG model (Betebenner, 2010b) 

involves two related procedures resulting in 1) student 

growth percentiles, which will be referred to as "SGPs," 

and 2) percentile growth trajectories (see further discussion 

of Betebenner's model in the following pages). These 

primarily support interpretations of growth description 

and growth prediction, respectively. SGPs locate current 

student status relative to past performance history and 

thus use a conditional status statistical foundation. SGPs 

answer the question 

What is the percentile rank of a 
student compared to students with 

similar score histories? 

Simplistically, SGPs describe the relative location of a 

student's current score compared to the current scores of 

students with similar score histories. The location in this 

reference group of "academic peers" is expressed as a 

percentile rank. For example, a student earning an SGP of 

80 performed as well as or better than 80 percent of her 

academic peers. 

A strict implementation of this procedure would seem 

to involve the selection of "academic peers" that have 
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identical previous scores. This is impractical and imprecise with large numbers of prior grade scores. 

Regression-based methods can address this problem, but, as described in previous chapters, linear 
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regression methods require 1) assumptions of linear relationships between predictors and outcomes 

and 2) equal variability in current scores across prior-year scores. The computation of SGPs involves a 

more flexible statistical tool called quantile regression that loosens these requirements to fit a broader 

range of test score distributions in practice. The software that estimates SGPs is open-source and 

freely available in the statistical software package, R. 

Figure 6.1 

Illustration of a Simple Linear Regression Line (that models the conditional average) and 

the Median Quantile Regression Line (that models the conditional median) 

---~--'--.~- - ,--

Regression of Current Grade 4 Scores on Prior Grade 3 Scores 
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A simple linear regression model, like the one shown by the solid black line in Figure 6.1, results 

in a single line that represents the best prediction of an outcome variable (current status) by a 

predictor variable (past performance). Equivalently, this line represents a "conditional average," 

the average value of the outcome at each level of the predictor. In Figure 6.1 and in real data, the 

line represents an approximation of the conditional averages - a best guess about the value of 

an outcome given a predictor. 

Instead of fitting one line for the conditional average, the SGP model fits 99 lines, one for each 

conditional percentile, 1 through 99. As a point of reference, the 50th line is the line for the 

90 



conditional median, and it is shown by the dashed black line in Figure 6.1. Typically, for real 

statewide datasets, the median quantile regression line and the simple linear regression line will 

likely be closer together than they are in this illustrative example, which is based on a very small 

dataset. This conditional median line represents the best guess about the median of an outcome 

given a predictor, just as the usual regression line represents the best guess about the average of an 

outcome given a predictor. Points closest to this conditional median line will be assigned an SGP of 

50. For instance, two students actually lie on this line - the middle Grade 4 scoring student of the 

three students who scored 345 in Grade 3 and the lower Grade 4 scoring of the two students who 

scored 355 in Grade 3. These two students will receive SGPs of 50. Students at points above the 

conditional median line will be assigned SGPs higher than 50 according to the conditional percentile 

lines to which they are closest and vice versa for students at points below this line. 

For illustrative purposes, this chapter explains the empirical calculation of SGPs in a simplistic 

case with limited data. This empirical method is analogous to operational SGP calculations and 

provides intuition about the statistical machinery underlying SGPs. We refer the interested reader 

to the SGP R package and references by its primary author, Betebenner, for a full description of 

operational SGP computations.5 

An extension of the SGP model known as "percentile growth trajectories" supports growth 

predictions. The approach has similarities to both the trajectory model and the projection model, 

where SGPs are extrapolated and assumed to be maintained over time. This prediction helps to 

answer the question 

Assuming the student maintains her SGP over time, what will her future score be? 

This future score can be compared to a target future standard to support an "on track" 

designation. In this standards-based context, an alternative framing is captured by the question 

What is the minimum SGP a student must maintain to reach a target future standard? 

When determining whether students are "on track," these two questions are functionally equivalent. 

Determining whether a student's predicted future status exceeds the future standard is equivalent 

to determining whether the student's trajectory exceeds the minimum required trajectory. This 

equivalence was established in the context of the trajectory model in Section 2.5. Both the trajectory 

model and the percentile growth trajectories procedures involve an assumption of students continuing 

on their same "growth" path. The trajectory model operates under the assumption of linear growth, 

where students maintain constant gains each year. The percentile growth trajectories, in contrast, 

assume students maintain constant ranks with respect to their academic peers each year. 

The percentile growth trajectory procedure is also similar to the projection model, in that growth 

5 See Betebenner (2009; 2010a; 2010b). 
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predictions require data from a cohort of students that has already reached the target grade 

of interest. These reference cohorts provide the hypothetical trajectories for each student's 

extrapolated SGP over time. However, percentile growth trajectories are less data driven than 

the projection model. Previous data are used to estimate where consecutively maintained SGPs 

will lead into the future, but the data are not used to predict whether or not students will actually 

consecutively maintain these SGPs. Thus, percentile growth trajectories, like the trajectory model, 

make an aspirational, descriptive assumption that a measure of growth is maintained over time. 

~ 
What Primary Interpretation Does the Student Growth Percentile Model 
Best Support? 

The SGP model supports growth description with SGPs and growth prediction with 

percentile growth trajectories. 

This guide considers growth models less as coherent packages than as collections of definitions, 

calculations, and rules. The SGP model is an example ofthis, where SGPs describe growth 

through one procedure, and percentile growth trajectories predict growth through an additional 

layer of assumptions. These latter assumptions include students' maintenance of SGPs over 

consecutive years. The distinction between SGPs and percentile growth trajectories is analogous 

to the distinction between the gain-score model and the trajectory model, but this chapter 

discusses both given the unfamiliar statistical machinery that they both share. 

SGPs describe the relative performance of students by comparing their current scores to those of a set 

of students with similar scores on prior grade-level tests. The SGP metric expresses this relative status 

in terms of percentile ranks. Typically, SGPs are expressed as whole number values from 1 to 99. By 

creating norm groups of students with similar past scores, both low- and high-performing students 

can theoretically receive any SGP from 1 to 99. In other words, SGP models will typically have zero or 

near-zero associations between status and SGPs, a unifying feature of conditional status models. In 

contrast, gain-based models can have these associations built into the vertical scale, ideally to reflect 

true changes in the variability of student achievement over time. From the perspective of growth 

description, these associations may be desirable to the extent that they reflect true growth over time. 

From the perspective of evaluation for accountability, these associations may seem unfair. 

If the desired use of the growth model is to predict future student performance, the SG P model can be 

extended to provide percentile growth trajectories. These trajectories assume that students will maintain 

their SGPs through to the future, continuing to obtain scores at the same relative rank with respect to 

their academic peers. In practice, 99 different percentile growth trajectories can be computed starting 

at each score point and continuing into the future. For a group of 30 students who happen to have 
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30 different current scores, there will be 30 x 99 = 2970 possible trajectories, 99 for each student. The 

predicted trajectory for each student is the one that corresponds to his or her current SGP. 

Each percentile growth trajectory assumes that a student at a particular starting score will have a 

particular SGP and maintain that SGP each year. In this way, the percentile growth trajectory that 

corresponds to a student's actual SGP will lead to a predicted score in the future. This score can 

be compared to a target score at a time horizon, or, equivalently, the student's actual SGP can be 

compared to the SGP required to reach the target future score. The derivation of these trajectories 

is described later in this chapter. 

~ 
What is the Statistical Foundation Underlying the Student Growth 
Percentile Model? 

The SGP model is a conditional status model. 

SGPs represent conditional status. They re-express a student's current score as a percentile rank 

in a theoretical distribution of students with identical past scores. This statistical foundation is 

best understood through an illustration of the computation of SGPs. The SGPs currently used by 

states like Colorado and Massachusetts rely on a statistical tool called quantile regression. The 

term "quantile" is general and includes "percentile" as a special case, and, in fact, the statistical 

method underlying the SGP model is more literally "percentile regression." We begin with a 

heuristic example that introduces the central idea supporting interpretations of SGPs - the 

academic peer group. Although this is not precisely the way SGPs are estimated in practice, it is a 

useful intuitive aid that supports understanding of the actual procedure. 

Figure 6.2 introduces a longitudinal dataset for a cohort of Grade 4 students with one prior year 

of Grade 3 scores. Like the conditional status models from the two previous chapters, SGPs can 

accommodate scores from any number of prior grade levels and other non-test-score variables as 

well, but this one-prior-year case will suffice as an illustration. The initial Grade 3 score scale has 

scores ranging from 200 to 300 and represents the "initial status" of students in this cohort. Arrows 

are located at Grade 3 scores of 220 and 280 to focus exclusively on the students who earned these 

particular Grade 3 scores. Six students earned a score of 220 on the Grade 3 test, and six other 

students earned a score of 280. These students are represented by stick figures located above their 

"current" Grade 4 score on a score scale that ranges from 250 to 350. In each set of students, one 

student earned a score of 310 on the Grade 4 test, which, in this hypothetical scenario, reflects an 

above-average score. Although these two students earned the same current Grade 4 score, they 

are in different relative positions among their "academic peers," their peers with the same Grade 3 

scores. The percentile ranks of these two students are displayed in boxes above their heads. 
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Figure 6.2 

Illustration of a Heuristic Approach to Computing Student Growth Percentiles 
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The percentile ranks of these two students are heuristic estimates of their SGPs, their percentile 

ranks within their group of "academic peers." The percentile rank calculation follows simply 

from their ranks. Given the small number of students in each group of academic peers, we use 

the following percentile rank formula that has a slight adjustment for small, discrete variables. 

Percentile Rank = Number of students below Score + (.5 * Number of students at Score) 
I'lumber of students in the academic peer group 

This formula allows for calculation of any student's percentile rank relative to their academic peers by 

simply counting the number of students below and at the student's score. Among the six students 

who scored 220 in Grade 3, the student who scored a 310 in Grade 4 has four students scoring 

strictly below her and only one student, herself, scoring at her score. Her percentile rank is then 

Percentile Rank = Number of students at or below 310 + (,5 * Number of students at 310) x100 
Number of students in the academic peer group 

4+~5*1)X100 

5 x100 = 7546
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This supports a statement like, "This student performed as well as or better than 75 percent 

of her academic peers." Among the six students who scored a 280 in Grade 3, the student 

who scored a 310 in Grade 4 has two students scoring strictly below his score and only himself 

scoring at his score. His percentile rank is then 

Percentile Rank = Number of students at or below 310 + (.5 * Number of students at 310) 100 
Number of students in the academic peer group 

2 + ~5 * 1) x100 

2-l x100 = 75 

This supports a similar statement, "This student performed as well as or better than 42 percent 

of his academic peers." 

The SGP model does not actually divide students into groups with identical past scores. This 

heuristic approach would result in intractably small groups when there are multiple prior year 

scores. With one prior year as in Figure 6.2, the numbers of students with the same prior year 

scores may be large. However, with two or more years, the numbers of students with the exact 

same prior year scores will dwindle and become unsupportable as a reference group. Instead, 

the SGP model performs a kind of smoothing that borrows information from nearby academic 

peer groups to support the estimation of percentile ranks. Even though increasing the number 

of prior year scores will diminish the sizes of groups of students with identical past scores, this 

borrowing of information allows for continued support of SGP estimation. 

The actual calculation of SGPs involves the estimation of 99 regression lines,6 one for each 

percentile from 1 to 99. In Figure 6.1, this can be visualized by 99 lines that curve from the 

lower left to the upper right and try to slice through their respective percentiles at each level 

of the Grade 3 score. For example, the 50th regression line is given by the dashed black line 

and estimates the median Grade 4 score at each Grade 3 score. This line passes through 

the central score of the trio of students who scored 345 in Grade 3. It does not pass exactly 

through the central score of the trio of students who scored 350 in Grade 3 because the line is 

pulled upwards by the students who scored a 355 in Grade 3. This median regression line can 

support interpretations like, "Students with a Grade 3 score of 350 have a predicted median 

Grade 4 score of 365." Accordingly, students with Grade 3 scores of 350 and observed Grade 

4 scores of 365 have a SGP of 50. The 90th regression line will lie above the 50th regression line 

Technically, the SGP model estimates regression lines only when there is a single prior year score. With 
two prior year scores, these are regression surfaces in a three dimensional space. With three or more prior 
year scores, these are regression hypersurfaces in multidimensional space. 

6 
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and may, for example, predict a Grade 4 90 th percentile of 375. Students that are closest to the 

90 th regression line will be above the median regression line shown in Figure 6.1 and will be 

assigned an SGP of 90. 

This SGP of 90 indicates that this student performed as well as or better than 90 percent of her 

academic peers. In practice, this will be an estimate that not only estimates percentile ranks 

for students with the exact same previous scores, but also borrows information from "nearby" 

students with similar, but not identical, past scores. This frames the academic peer group as 

more of an academic neighborhood. This is illustrated by the fact that that median regression 

line in Figure 6.1 does not go directly through the central score for students who scored a 350 

in Grade 3; rather, the line is pulled up by the students who scored a 355 in Grade 3. 

This metaphor extends to all conditional status metrics. SGPs, like residual gain scores, 

describe growth in terms of relative status in an academic neighborhood. This conditional 

status is normative and cannot be interpreted in terms of an absolute amount of growth on any 

developmental scale. If there is an underlying vertical scale score with sound properties, there 

would be no way to tell which SGPs, if any, would be associated with negative growth. Conditional 

status is also dependent on the definition of the academic neighborhood, which changes with the 

addition of additional prior grade scores or other predictor variables. These are not shortcomings 

but reminders that conditional status metrics support a contrasting perspective on growth. 

~ 
What are the Required Data Features for the Student Growth 
Percentile Model? 

The SGP model requires test scores for large numbers of students to support stable 

estimation of SGPs. 

Part of the appeal of SGPs and other conditional status metrics is that they do not require 

test scores from multiple time points to share a common vertical scale. The SGP model is also 

more flexible than the residual gain model in that neither linear relationships nor common 

outcome variance across predictor levels is required. However, this flexibility can come at a 

cost, as SGPs require estimation of large numbers of parameters for the 99 regression lines. 

This requires sufficient data. A loose rule of thumb is to include at least 5,000 students, 

but, like all guidelines, this can depend on a number of factors; in this case, it depends on 

the interrelationships between the variables and the number of prior years of data included 

(Castellano & Ho, in press). Estimation tends to be most problematic for outlying students on 

one or more test score distributions. These students can receive highly unstable SGPs as there 

are too few students in the same academic neighborhood to obtain stable relative ranks. 
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~ 
What Kinds of Group-Level Interpretations can the Student Growth 
Percentile Model Support? 

SGPs are often summarized at the group-level with a median SGP that represents the 

SGP of a typical student. It is also possible to use a simple average of SGPs for a group. 

In either case, aggregated SGPs provide descriptive measures of group growth. In the 

context of growth prediction, percentile growth trajectories can support calculation of 

percentages of students predicted to be on track to reaching a desired standard. 

The SGP model provides useful norm groups for describing student status. However, school 

administrators and policymakers are often more interested in summary measures of student 

growth than individual growth results. SGPs can easily be aggregated for any group of students 

by taking the median or mean of the SGPs. In practice, median SGPs are the most common 

aggregate SGP metric. The median function is motivated by the fact that SGPs are percentile 

ranks and are thus on a scale that is generally not recommended for averaging (Betebenner, 

2009). Others have shown that averages or averages of transformed percentile ranks can in some 

cases support more stable aggregate statistics (Castellano & Ho, in press). Castellano, K. E. (2012). 

Contrasting OLS and quantile regression approaches to student "growth" percentiles. Journal of 

Educational and Behavioral Statistics. Advance online publication. doi: 10.3102/1076998611435413 

These simple aggregates of SGPs support descriptions of group growth, whether the groups 

are classrooms, schools, or districts. They summarize the distribution of SGP with an average or 

typical value from the group. These measures can thus be described with statements like, "The 

average fourth grade student in School A performed as well as or better than 55 percent of her 

academic peers." SGPs are generally not recommended for the support of causal, or value-added, 

interpretations on their own (Betebenner, 2009). That is, they are not recommended in support 

of interpretations like, "The fourth grade teachers at School A are the cause of this higher-than

expected performance." 

SGPs for a group can also be summarized by other statistics and graphical displays. These can 

augment simple averages to provide a fuller picture of the distribution of SGPs for particular groups. 

Additionally, the relationship between group SGPs and group status can be displayed to communicate 

the distinction between high and low average status and high and low average growth.7 

In the context of growth prediction, percentile growth trajectories can be summarized at the 

group level by calculating the percentage of students who are designated as on track to the 

target future score. This is described in further detail in this next section. 

7 For further information, this Colorado Department of Education website includes examples of 
attractive SGP-related graphics summarizing school and district performance: http://www.schoolview.org/ 
ColoradoGrowthModel.asp. 
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~ 
How Does the Student Growth Percentile Model Set Standards for 
Expected or Adequate Growth? 

Like the residual gain model, the SGP model sets empirical expectations for growth through 

the estimation of percentile regression lines. However, this statistical machinery is not 

sufficient to determine which SGPs are "good enough," and additional standards may be 

desired to support interpretations on the SGP scale. For growth prediction, percentile 

growth trajectories can be compared to a future target score, such as the Proficient cut 

score in a target grade level. They can also be used to determine the minimum SGP a 

student must maintain to reach the future target score. 

An essential step in implementing most growth models is the definition and communication of 

adequate growth. These determinations are useful at both the student and the group level. The 

Colorado Department of Education (CDE) uses SGPs of 35 and 65 to distinguish among low, 

typical, and high growth (CDE, 2009). In contrast, the Massachusetts Department of Elementary 

and Secondary Education (MDESE) defines 5 growth categories at the student level: Very Low, 

Low, Moderate, High, and Very High. These are delineated by SGP cuts of 20,40,60, and 80 

(MDESE, 2009). These classifications support growth reporting and accurate user interpretation 

of SGPs. At the aggregate level, median SGPs can also be evaluated with respect to standards, 

where the most common standard in practice is a simple cut score set at 50 that delineates 

groups with higher and lower growth than expected. 

A higher-level standard setting approach arises from an extension of SGPs to support growth 

predictions. These "percentile growth trajectories" can support inferences about student 

trajectories toward a particular standard, such as Proficient or College and Career Ready. 

Percentile growth trajectories combine aspects of the projection and trajectory models. 

Like the projection model, percentile growth trajectories are found by estimating regression 

equations using cohorts of students who already have scores from the future target grade 

level. These prediction equations are then applied to students whose future trajectories are 

of interest. Like the trajectory model, percentile growth trajectories assume that students 

will maintain constant gains each year. For percentile growth trajectories, a constant gain is 

the maintenance of the same SGP each year into the future. This is akin to an assumption of 

continued relative gains. 

The trajectory model can both predict a future score and report the minimum gain necessary to 

achieve a future standard. Similarly, percentile growth trajectories can predict where a student will 

be in the future and also report the minimum SGP that must be maintained to reach the future 

target. Percentile growth trajectories can also report a range of future outcomes associated with 

the maintenance of different SGP levels. Figure 6.3 reproduces a plot from a presentation by 
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Betebenner (2011) that shows a range of percentile growth trajectories for a student. These plots 

are rich with information about student status, growth, and predicted growth. 

Figure 6.3 shows one student's observed Reading scores from Grades 3 to 6 with predictions to 

Grade 7. This student is currently in Grade 6, scored a 609 on the reading achievement test, is 

Proficient, and given her scores in Grades 3, 4, and 5, scored an SGP of 90. In the next year, there is 

a distribution of colors - green, yellow, and red - showing where the student is predicted to fall 

ifthe student scores a high, typical, or low SGP next year. These prediCtions are constructed from 

percentile growth trajectories one year into the future. Although all 99 percentile growth trajectories 

are not specified in the figure, the color bands summarize the span of trajectories across the SGP 

range. The color classifications are based on Colorado's SGP cut scores of 35 and 65. 

Figure 6.3 

An Illustration of Percentile Growth Trajectories 
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Source: Betebenner (2011). Retrieved March 29, 2012, from http://ccsso.confex.com/ccsso/2011/ 

webprogram/Session2199.html. This figure was generated using the "studentGrowthPlot" 

function using the SGP package and R software. Several states are currently using this package 

to produce student reports for their state assessment programs. 

Figure 6.3 also shows that the student will continue to be proficient if she has a high SGP, 

but a typical SGP will result in a decline from proficient to partially proficient. A particularly 

low SGP could result in a decline to the "unsatisfactory" category. The figure emphasizes the 

importance of standard setting, not only in the definition of high, typical, and low growth, but 

in the articulation of standards across grades. The figure also masks an essential assumption 
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underlying the plot: a vertical scale underlies all of the grade level tests. Without an assumed 

or actual vertical scale, these kinds of plots cannot be constructed. With a vertical scale, 

alternative gain-based models become possible and represent useful contrasts. 

~ 
What are the Common Misinterpretations of the Student Growth 
Percentile Model and Possible Unintended Consequences of its Use in 
Accountability Systems? 

Student Growth Percentiles are often incorrectly assumed to describe an absolute amount 

of growth in a normative frame of reference. They are instead a relative metric in two 

ways, both with respect to the variables included as predictors and with respect to other 

students in the model. Group-level SGPs may be overinterpreted as value-added measures 

when they are not intended to support these inferences on their own. 

A literal interpretation of a growth percentile is one where growth is expressed as a percentile 

rank. This might entail describing an absolute growth measure like a gain score in terms of its rank 

relative to other gain scores. This percentile rank of gain scores is a gain-based expression that is 

a natural extension of a gain-score model. In contrast, SGPs represent a relative metric in at least 

two ways. First and most intuitively, like any percentile rank, SGPs describe growth normatively 

with respect to a particular reference group. Second and less intuitively, the SGP - and any 

conditional status approach to growth - defines status relative to other variables in the model. 

In the case of SGPs, these predictor variables are the prior grade scores that set expectations 

for current status. As such, adding or removing prior grade variables will alter SGPs, because 

expectations about status will change when expectations are based on different pieces of 

information. Of course, gain-based models will also change as prior-grade variables are 

added, but the quantity estimated in gain-based models (the average gain or slope) generally 

improves as more information is added. In conditional status models like SGPs, the addition of 

information fundamentally changes the expectations and therefore the substantive definition of 

the quantity being estimated. 

As an example of this, assume that a fifth grade student with a prior year of fourth grade data has 

an SGP of 90. Say that a research analyst uncovers an additional previous year of data from third 

grade, recalculates all SGPs, and finds that the student now has an SGP of 50. Is the student's true 

SGP 50, 90, or somewhere in between? There is no single answer to this question. The SGP of 

90 compares the student's current status to academic peers defined by fourth grade scores. The 

SGP of 50 compares the student's current status to academic peers defined by third and fourth 

grade scores. If it seems that more grades allow for an improved definition of academic peers, 

then why not improve the definition further by including demographic variables? 
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Expectations change based on the predictors used to set expectations, thus there is no 

immediately obvious answer to the question of which SGP is "true." In contrast, if a student 

gains 10 points from Grades 3 to 4 and 90 points from Grades 4 to 5, there is a clearer 

argument for averaging these gains to obtain an average gain. This is not an inherent advantage 

of gain-based models or a disadvantage to conditional status models. Conditional status should 

depend upon the variables used to set expectations, and this is preferred if there is substantive 

interest in these expectations. The distinction emphasizes that these two statistical foundations 

support fundamentally different conceptions of growth. 

Like gain-based models and, more directly, residual gain models, SGPs can be artificially 

increased by deflating initial year scores. In the intuition of SGPs, this deflation changes the 

academic peer group of students to one that will tend to be lower scoring, resulting in an inflated 

SGP. As a corollary, this will also inflate percentile growth trajectories. As with other models, these 

incentives can be diminished through a thoughtful combination of status and growth model. 
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CHAPTER 7 
The Multivariate Model 

The multivariate model is designed for the primary 

purpose of supporting value-added inferences for teachers 

and schools. It supports answers to questions such as 

How much better or worse did the 

students in a particular classroom perform 

when compared to expectations given 

1} students' scores in other grades and subjects, 

2} average district scores for each 

grade-subject combination, and 

3} other teachers who are previously or 

currently teaching the same students? 

The term "multivariate," meaning multiple variables, 

arises from the model's consideration of all student score 

variables, past and current, as a simultaneous target for 

modeling. Through this complex web of students moving 

through classrooms, schools, and school districts over 

time, statistical expectations for student performance 

are set. Higher or lower than expected performance can 

be directly related with students' particular teachers or 

schools, resulting in estimates for each teacher or school. 

These estimates are often interpreted as causal 

effects - the teacher or school's direct contribution 

to average student performance. These inferences are 

generally difficult to support using model results alone. 

MULTIVARIATE MODEL 

Aliases and Variants: 
• Sanders Model 
• EVAAS 
• TVAAS/Tennessee Model 
• Layered Model 
• Variable Persistence Model 
• Cross-Classified Model 
.... --; , .
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For simplicity, we will explain the underpinnings of the multivariate model using classrooms 

and their teachers as the target of inference. In many models, including the popular 

Educational Value-Added Assessment System (EVAAS) (Sanders & Horn, 1994) that we will 

use in this chapter as our prototypical multivariate model, these teacher associations are 

assumed to persist undiminished into the future. This persistence suggests that the student 

performance attributable to a student's third grade teacher persists into fourth grade, fifth 
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grade, and so on. This is sometimes called a layered model, in a reference to the layering 

of estimated teacher "effects" onto a particular student over time. It is possible to relax this 

assumption using a "variable persistence" model (McCaffrey, Lockwood, Koretz, Louis, & 

Hamilton, 2004). 

The EVAAS model sets expectations for any particular teacher's students by considering 

all of these students' scores, usually in a five-year window, both before and after the 

students enter and leave the teacher's classroom, and including all scores in other subjects. 

In addition, the district's average scores are factored into the expectation, as well as the 

teacher estimates from all of the students' other teachers over time. The EVAAS model and 

multivariate models in general are capable of incorporating other student-, teacher-, and 

school-level demographic or structural variables, although this is not done operationally 

(Ballou, Sanders, & Wright, 2004). The EVAAS model is complex, requires highly specialized 

and proprietary software, and is difficult to explain without reducing teacher estimates to a 

simplistic "value added" (causal) inference. 

Question 7.1: 

What Primary Interpretation Does the Multivariate Model Best Support? 

The multivariate model supports value-added interpretations by expressing a teacher's 

students' performances in terms of their average distance from expectations. These 

expectations are set by considering students' other test scores, average district 

performance, and the other teachers that the students have had. 

The primary outputs of interest from the EVAAS model are teacher-level, not student-level 

estimates. These estimates are found using equations for each grade and subject test 

that are connected through the covariance matrix, a summary of the interrelationships 

between test scores over grade levels. The multivariate model improves upon the 

covariate adjustment model (see Section 4.4), which also models "effects" for groups, by 

incorporating more information: over time, across subjects, and across other teachers. 

The intuition underlying the multivariate model is that a student's entire score history 

can be affected by membership in a particular teacher's classroom. As a heuristic device, 

imagine that we wish to estimate the added value associated with being in a particular 

classroom at a particular grade. We can take all the students who passed through that 

classroom and compare them to students like them, taking into account scores on other 

tests and the other teachers that they have had. Average differences between the score 

histories of students with this particular teacher and the score histories of other students 

can be described as a "teacher effect." This is only a heuristic that understates the 

complexity and assumptions of the multivariate model considerably, but it illustrates how 
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this model can support interpretations about the contribution of teachers to student test 

scores. The EVAAS model can be applied to multiple cohorts, and a more stable estimate 

for a teacher in a particular grade and subject area can be calculated by pooling teacher 

estimates from different cohorts together (Braun, 2005). 

These estimates can support value-added interpretations. This assumes a causal 

attribution of the difference between actual and expected classroom performance to the 

particular teacher for that grade and subject. It is best to supplement these estimates 

with other sources of information when evaluating the teacher's effectiveness. For 

instance, the EVAAS model does not take into account the specific strategies and lesson 

plans that teachers utilize, preventing understanding of the mechanisms that might 

underlie added value (Braun, 2005). Although the EVAAS teacher estimates undergo a 

great deal of scrutiny and may have higher reliability than, say, classroom observations, 

triangulation of multiple sources of information is always desirable when making high

stakes decisions. 

Question 7.2: 

What is the Statistical Foundation Underlying the Multivariate Model? 

As the name suggests, these models use a multivariate statistical foundation that allows for 

simultaneous consideration of many years of student scores as well as scores in other subjects. 

From a more advanced statistical perspective, the gain-based and conditional status 

models are actually restrictive special cases of the multivariate model, which in its most 

unspecified form represents a useful unifying framework. From a practical perspective, 

and as the model is operationalized, the multivariate foundation is a stark contrast to 

the foundations underlying gain-based and conditional status models, which result in 

substantially more interpretable output. The advantages of the multivariate statistical 

foundation include the opportunistic use of data, not only over time but also across 

subjects and for students with missing data, to maximize information about the students in 
):> 

teachers' classrooms. The model is also flexible enough to allow for the layering of teacher lJ 
OJ 
n ......estimates onto any given student's scores in a way that simpler models cannot. Alternative ;:;: 
o· 

forms of the model can include an estimate of the fading out of teacher associations over :J 
CD .... 
VI'time in what is known as a variable persistence model (McCaffrey, et aI., 2004). 
G) 
c 
Q 
CDTo help visualize the mechanics of the EVAAS model, the following layering of equations 
0" 

demonstrates how each student's grade-level score is decomposed for the simplest case G) 

o 
of a single school system, a single subject, and a single cohort of students with Grade 3 to 

~ 
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Student i's Grade 3 Score = Average Grade 3 Score + Grade 3 Teacher Estimate 

+ Individual Student Error for Grade 3 

Student i's Grade 4 Score = Average Grade 4 Score + Grade 3 Teacher Estimate 

+ Grade 4 Teacher Estimate 

+ Individual Student Errorfor Grade 4 

Student i's Grade 5 Score = Average Grade 5 Score + Grade 3 Teacher Estimate 

+ Grade 4 Teacher Estimate + Grade 5 Teacher Estimate 

+ Individual Student Error for Grade 5 

Student i's Grade 6 Score = Average Grade 6 Score + Grade 3 Teacher Estimate 

+ Grade 4 Teacher Estimate + Grade 5 Teacher Estimate 

+ Grade 6 Teacher Estimate 

+ Individual Student Error for Grade 6 

These equations demonstrate the persistence of a teacher's estimate into each subsequent grade

level-that is, the Grade 3 teacher estimate is carried over to Grades 4, 5, and 6, and, similarly, the 

Grade 4 teacher's estimate is carried over to Grades 5 and 6, and so on. A variable persistence 

model would allow the magnitude of a prior grade-level teacher's estimate to decrease over time. 

It is not easy to deduce from the above equations precisely how the teacher estimates are 

estimated. A detailed explanation of this statistical model is beyond the scope of this chapter. 

However, it is useful to note that in the first grade-level included in the model, the teacher 

estimate is not adjusted for any prior performance or other "historical factors," such as 

demographic or economic variables. Thus, these historical factors are confounded with the Grade 

3 teacher estimate and should therefore be interpreted cautiously (McCaffrey, et aI., 2004). 

Disadvantages to this statistical approach include a lack of parsimony and clarity in model 

interpretation. Gain-based models align with intuitive notions of growth over time. Conditional 

status models align less well to intuitive conceptions of growth, but it is not difficult to imagine 

an expected score empirically determined from past scores and a referencing of actual 

performance to expected performance. The conditional interpretation from the multivariate 

model is aggregated to the level of teachers or schools, and the expectation is based on 1) 

not only past scores but future scores after students leave a teacher's class, 2) not only same

subject scores but all available scores, and 3) a layering of other teacher associations from all 

teachers who have ever had each student in their class. Although it is easy to casually abstract 

these scores to "value added," the more rigorous interpretation considers the variables that set 

the expectations, and these variables are numerous with complex interrelationships. 
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~ 
What are the Required Data Features for the Multivariate Model? 

The multivariate model is very flexible in terms of the data it can utilize. Generally, it 

can accommodate a large amount of test score data from multiple grade-levels and 

subjects. Moreover, as this model is primarily for producing group-level estimates 

(e.g., for teachers or schools), students not only need to have unique identifiers but 

also identifiers for all of their teachers, schools, and districts over time so that these 

associations can be tracked in the model. 

Without the need to report student-level growth results, the sample sizes of interest 

pertain to the number of test scores for students in each teacher's classroom over time. 

The efficiency of the model in using available data usually results in a substantial 

improvement over covariate-adjustment models, although this can also sacrifice 

interpretability of model results. A vertical scale is not required for most uses of the 

multivariate model, but standard deviation units are assumed to hold consistent meaning 

across grades and subjects. Due to the assumption of persistent teacher effects, their 

magnitudes, expressed in standard deviation units, are assumed to stay constant across 

the test score scales of different grades and subjects. 

~ 
What Kinds of Group-Level Interpretations can the Multivariate 
Model Support? 

The multivariate model is designed for group-level interpretations, particularly at the 

classroom level, although school and district level interpretations are also possible 

through minor reconfigurations of the model. 

Generally, teacher or school estimates from the EVAAS model are most appropriate for 

identifying teachers who may benefit from additional professional development and for 

identifying schools for further investigation as they may be underperforming. In these 

cases, the group-level estimates serve as a screening tool that selects teachers or 

schools that may need additional resources (Braun, 2005). Value-added interpretations 

of the group-level estimates should be triangulated with other sources of information, 

such as teacher portfolios and classroom observations. Given that the entire focus 

of this chapter is on group-level interpretations, we do not expand on this topic 

further here. 
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~ 
How Does the Multivariate Model Set Standards for Expected or 
Adequate Growth? 

The "value-added" scores are most often interpretable in terms of standard deviation 

units with respect to a baseline average centered on zero. Relative comparisons of value

added scores are possible, such as flagging a certain top and bottom proportion for 

further investigation. 

The multivariate model results in a distribution of educator or school estimates. These are not 

interpretable on an absolute scale and must be interpreted normatively. Standards may be set 

by selecting a top or bottom proportion or identifying a number of standard deviation units 

away from a reference point. Additionally, statistical significance tests can be conducted to 

support inferences about an educator's estimate being higher or lower than a particular target 

cut score to a degree of statistical significance. 

mmmJmimI 
What are the Common Misinterpretations of the Multivariate Model and 
Possible Unintended Consequences of its Use in Accountability Systems? 

The interpretation of value-added scores as actual value that a teacher has added is an example 

of a naming fallacy - naming a metric "value added" does not necessarily make it so. 

Ascribing causal effects to teachers is generally not warranted by educational data designs. It 

is more precisely a deviation from expectations associated with the class of students, where 

the expectation is set by student scores and students' past and future teachers from other 

classrooms. This more disciplined interpretation can allow for an interpretation of the "teacher 

effect" in context and a deeper exploration of plausible alternative explanations for high or low 

scores. Moreover, some studies have found that the most extreme ranks - those at the very 

top and bottom - are unreliable (Lockwood, Thomas, & McCaffrey, 2002), which could have 

substantial implications for high-stakes decisions focused on the very top and bottom ranked 

teachers. In addition, often only a small fraction of teachers, 33 percent or less, are found to be 

reliably different from the average teacher in a district (Braun, 2005). 

Like conditional status models, multivariate models do not allow for intuitive growth 

interpretations but instead represent an· enhancement of status interpretations by incorporating 

a reference point, an expectation based on other information. Like incentives for gain-based 

models, a teacher is incentivized to maximize the scores of the students in his or her class. The 

teacher also benefits if the scores of his or her students are artificially deflated in every other 

classroom except that teacher's own. 
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APPENDIX A 
CROSS-REFERENCING GROWTH MODEL TERMS 

Growth model classification systems, like growth models themselves, serve multiple purposes. Two 

documents associated with this guide deserve special attention for their growth model classification 

systems, the CCSSO Growth Model Comparison Study (Goldschmidt, Choi, & Beaudoin, 2012) ) 

and the CCSSO Understanding and Using Achievement Growth Data brochure (Council of Chief 

State School Officers, 2011). CCSSO's growth brochure was intended as a concise review of growth 

model principles, and the Growth Model Comparison Study is more empirical, more technical, and 

focuses primarily on school-level accountability metrics. In contrast, The Practitioner's Guide to 

Growth Models represents a middle ground, an in-depth overview of the growth model landscape. 

The distinct purposes of these three documents lead to different growth model classifications. This 

appendix summarizes the contrasting growth classification schemes. 

The CCSSO brochure identified five basic types of growth models: Categorical, Gain-Score, 

Regression, Value-Added, and Normative. These five growth model types are listed and related to 

this guide's terminology in Table A.1 below. For instance, this guide also reviews Categorical and 

Gain-Score models but emphasizes that the Categorical model is a type of gain-based model that 

creates an implicit vertical scale. This is elaborated fully in Chapter 3 on the Categorical model. 

The Practitioner's Guide treats the Regression model as a statistical approach that underlies many 

models. Regression is essential for all models that use the conditional status statistical foundation, 

from Projection Models to Student Growth Percentiles. Regression, as a statistical technique, also 

supports Multivariate models. Although a Regression model refers in practice to Projection models 

for growth prediction and Covariate Adjustment models for value-added inferences, this guide uses 

"regression" in reference to the statistical technique. 

Finally, this guide uses "normative" to refer to the referencing of scores to a norm group, that is, 

a reporting technique, and not a particular model. Although Student Growth Percentiles report 

scores on a norm-referenced metric, other growth models are also capable of reporting different 

conceptions of growth in a norm-referenced fashion. 

Table A.2 below presents the 9 growth models reviewed in the Growth Model Comparison Study. 

One of the uses of this guide is to help to contextualize and explain the observed differences 

between growth models when they are applied to real data. An important conceptual distinction 

between the Practitioner's Guide and the Growth Model Comparison Study is that the latter focuses 

on a single purpose, a "value-added" type of ranking, at a single level of aggregation - the school 

level. In contrast, this guide includes multiple purposes, including growth description and growth 

prediction, and multiple levels, including the student, teacher, and school levels. 
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Table A.1 

Mapping Growth Model Terminology from CCSSO's Understanding and Using 

Achievement Growth Data to those in this Practitioner's Guide 

Understanding and Using 

Achievement Growth DataB 

Practitioner's Guide to Growth Models 

Categorical -7 

Gain-Score -7 

Regression -7 

.. 

Value-Added 

Normative 

Categorical Model and Type of Gain-Based Model 

Gain Score Model and Type of Gain-based Model 

A statistical approach that supports many models, Residual 

Gain, Projection, Student Growth Percentiles, Covariate 

Adjustment, and Multivariate 

A purpose associated with many models, particularly 

Covariate Adjustment and Multivariate Models 

A reporting metric associated particularly with Student 

Growth Percentiles, but more broadly applicable 

Table A.2 

Mapping Growth Model Terminology from the CCSSO Growth Model Comparison Study 

to those in this Practitioner's Guide 

Growth Model Comparison Study9 Practitioner's Guide to Growth Models 

Simple Gain -7 

Fixed Effects Gain 

True Score Gain 

Covariate Adjustment with 

School Fixed Effects 

.<:::9variateAdjustment with -7 
SchOol Random Effects 

Simple Panel Growth -7 

Layered Model -7 

Student Growth Percentile -7 

Growth to Standards 

Gain Score Model and Type of Gain-Based Model 

Type of Gain-Based Model 

Type of Multivariate Model 

Cov<:Jriate Adjustment Model 

Covariate Adjustment Model 

Type of Multivariate Model 

Type of Multivariate Model 

Student Growth Percentiles (in the Student Growth 

Percentile Model) 

Trajectory Model 

8 See CCSSO (2011). 

9 See Goldschmidt et al. (2012). 
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Glenda Ritz. NBCT 
Indiana SuperinrendentofPublic Instruction 

Growth Design: 
Philosophical and Technical 

Discussion 

• What is growth? 

• Key Features of the Indiana Growth Model 

• Growth to Proficiency 

• Exploring Other Models 

• What do we want growth to measure? 

• Expectations for: 

• High-performing students 

• Low-performing students 

• ALL students 
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Growth adds a second dimension to understanding 
student achievement. 

Growth allows easy determination of the progress being 
made to address achievement gaps. 

Growth begins at the student level. 

Growth is expected for every student. 

Student-level growth is reported in 3 categories: 
• High... 66'" to 99'" percentile 
• Typical... 35'" to 65'" percentile 
• Low... 1" to 34'" percentile 

,),,~9.\l!I.!t!j 
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The Indiana Growth Model is based upon the 
Colorado Growth Model. 

IDOE Data Input: 

•	 Growth is calculated using a minimum of 2 ISTEP+ 
data points per student from consecutive grade levels. 

-	 A maximum of 4 ISTEP+ data points per student are 
used where available. 

• Statewide ISTEP+ data are used in the calculations. 

-	 Data are not grouped by LEA or school for the 
purposes of student growth calculations. 

• IDOE Data Output: 

•	 Growth Percentiles 
- A norm-referenced data point indicating the progress of a 

student in comparison to peers across the state 
- Indiana student data from previous test years are grouped by 

grade and score to create an academic peer group for each 
student. 

- Current year test data for this group are examined to 
determine how a student's progress compares to his/her 
academic peer group. 

• Projected Growth Targets 
-	 Cut scores are required for future test periods 1 to 4 years 

out to reach ciassifications of High. Typical, or Low growth. 

~;!!~
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• Proficiency 
• Based on demonstrated performance 

• Meet or exceed the cut score 

• Growth to Proficiency 
• Below-proficient students make sufficient growth to be 

on track to become proficient 

• Growth "targets"
 
- Calculated each year for students
 

~~:-::.\1l!,!!!i 
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• What about growth for high-performing students? 

• What about growth for students scoring "at 
proficiency"? 

• What models support comparing a student's 
progress to him/herself over time? 

• Gain Score Model 
- Change in student performance between two time points 

• Categorical Model 
-	 Change in performance level categories from one year to the 

next 

• Trajectory Model
 
- Predicts student scores in the future
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• Divide into groups of 3 (Base Group) 

• Assign each group member a number (1, 2, 3) 

• Join others with the same number to become experts 
• 1's: Gain Score Model, pp. 35-43 

• 2's: Categorical Model, pp. 45-54 

• 3's: Trajectory Model, pp. 55-65 

• Rejoin your Base Group and teach others by sharing 
your "expertise" 
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Summary Table 
Model 

Student GrowthGain Score Trajectory Categorical Residual Gain	 Projection MultivariatePercentile 
Characteristics 

Uses entire 
student score 

Defines growth · Describes growth histories, includingDgscribesgrowth Extends.gains or	 Percentile rank ofby transitions as the difference Uses past scores to	 other subjects
with simple average gains in a	 current status in a among status · between current predict future scores	 and teachers, todifferimceS.or predictable, usually	 reference group ofcategories (e.g., status and through regression · detect higher than average gains linearfashionlnto	 students with similar:: Basic, ProfiCient, · expected status equations	 · expected studentovertime the future	 past scoresAdvanced) over time given past scores	 scores. assoCiated 

with particular 
teachers 

Growth Relative	 Sanders Model,Residual Differenceto Self, Raw Gain,	 The Colorado EVAAS, TVAAS,Model, CovariateSimple Gain, Slope, Growth-to- Transition Model,	 Model, Percentile Tennessee Model,Aliases, Variants,	 Adjustment Model, Regression Model,Average Gain, Standards Model, Transition Matrix	 Growth Trajectories, Layered Model,Close Extensions	 Regression Model, Prediction ModelGains/Slopes- Gain-Score Model Model, Value Table	 Conditional Status Variable PersistencePercentile Rank ofas-Outcomes,	 Percentile Ranks Model, Cross-ResidualsTrajectory Model	 Classified Model 

What isthe 
percentile rank of aHow has this	 Is this teacherGiven this student's student comparedstudent grown in	 assoCiated withIf this student	 How much higher past scores, and to students withterms of transitions	 higherscores for . Primary	 :: continues on. this or lower has this : based on patterns similar scoreo . through categories	 his or her students . Oyestion(s)	 trajettpry, where is studentscored than of scores in the histories? What is:0 

over lime?In which	 than expected given 
oAddresSed	 : she likely to be in expected given her past, what is her the minimum SGPcategory.willshe	 all available scores . the future?	 past stores? predicted score in a student mustlikely be-in the	 and other teacher 
o the future? maintain to' reach

futWe?	 effects? a target future 
standard? 

Growth Description	 Growth Description01: Primary Growth Description Growth Prediction and Growth Growth Description	 Growth Prediction and Growth Value AddedInterpretation Prediction	 Prediction 

, Gain-Based Gain'Based Conditional Status Conditional Status Conditional Status Multivariate 

Articulated cut	 For high-stakes 
scores across years An interpretable	 value-addedInterpretable future Large sample

03: Required	 and grades. Values scale. Assumptions uses, many yearsVertical scale Vertical scale	 scale or future sizes for reliableData Features	 for value tables. of linear regression of student datastandard. estimation.ImpliCit vertical must be met. required for stable 
scale. teacher effects. 

Average adoss	 Average future . : Only group-levelAverage trajectory	 Me.dian oraveragevalue tables or Average residual prediqion or	 interpretations:
:'.. or percentage of	 SGP,percentage ofpercentaggdfon- gain percentage ofon-	 · Teacher-and school0,:. on-trackstudgnts	 on"trackstudentstrackstlJdents track students	 level"effects· 

Set by defining cutRequires	 Requires judgment Standards requiredscores for categories Requiresjudgment about	 about an adequate to supportand values in value judgment aboutadequate gain or Set by defining a	 Set by defining a SGP or median/ absolute or relativetable. Requires adequate residualOS: Setting adequate average future standard and	 future standard and average SGP. distinctions amongjudgmental cut gain. RequiresStandards gain. Requires a time horizon to	 a time horizon to Predictions require a teacher/schoolscores to define understanding ofunderstanding of meet the standard.	 meetthe standard. future standard and effects, e.g., awards!adequacy of both the scale or can bethe scale or can be	 a time horizon to sanctions to top/individual and norm-referenced.norm-referenced.	 meet the standard. bottom 5%.aggregate values. 

·'Intuitive.bui less of	 The "projection"o: less ofan empirical Not a "gain"	 Sometimes Naming fallacy:
depe~del1fon information due to	 metaphor canprediction than but a difference	 misinterpreted calling a metricvertiail.stales cate.gorization of	 be confusedoi anaspirationill : from actual and	 as theipertentile "value-added" 

o::ih~f~;;Tn;f?~r,t	 scores. Requires with "trajectory" 
o [0 and descriptive	 ' expected status. rankef gain · does notmake it so. 

Q6: ::(mdesir~W	 : careful articulation when it is in facto

"prediction.	 Violations of scores: Sometimes Can be unreliable.
:Mi~interpr~t~tio~~ :,.dgpendEincies	 of cut scores across a prediction.

:Require~ def.ensible linear regression	 overinterptetedas · Detached froma~d QJli~ie99ed :, '. n	 gr~des and years: Maximizing; yertic~lscale.over assumption can	 supporting value- theories about,(;o.n~9~eQ~~,~· ",.~:	 as,sumesan iinplicit predictive accuracy.; manyy~ars;Can	 lead to distortions. added infgrences. imprOving teaching .iecbnoi1iiC	 vertical scale. Can : can diminish
'ibei~flat~d by	 Can be inflated Can be inflated ; Can be inflatedT ... >riM/·..·••:· be inflated by	 incentives too:; dr<lpping initial	 by dropping initial bydropping initial :bydrOppinginitial

•.•. inf1~t~q!)ydf6ppin:g . dropping initial	 address low-scoring, scores.	 scores. scotes.. stores.
·:inltialscpresi scores.	 students. 
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INTRODUCTION 

In 1983. A Nation at Risk: The Imperative 
for Educatiol/al Reform, a report of President 
Ronald Reagan's National Commission on 
Excellence in Education, identified pervasive 
academ ic underachievement and declining 
test s~ores in the U.S. (NCEE, 1983). The 
repmi ushered in the era of standards and 
accountability in public K-12 education. In 
rcsponse to the fear that Amcrican cducation 
was falling behind internationally <lnd thc in
creasing concerns about lagging school per
li.mnance,expenditures for education were in
creased across the nation. The call for school 
refonn was rampant, with advocates demand
ing that taxpayer doll aI's be put to good use in 
improving schools. Indiana first responded to 
such calls for change in 1987 with the "A+ 
Program" and, oncc again, with Public Lmvs 
146 and 221 (PL 146 and PL 221) in 1999. 

. PL 221 not only instituted a revamped ac
counta~ility system focused on rigorous aca
demic standards, but also aligned the state 
assessment system to the new academic stan
dardsand allowed lor progress monitoring at 
the student level. In addition, it he1d schools 
and school corporations accountable for stu
dellt performance and improvement. How
ever, since its passage and implementation, 
criticism of PL 221 has grown, due not only 
to the friction between it and the federal Ad
equate Yearly Progress (AYP) accountability 
system, but also to evidence that low-per
lonning schools were not seeing hopcd-for 
improvements. Public discussion of refonns 
to PL 221 began in 2009 "'jth the first modi
fications receiving the approval of the State 
Board ofEducation (SBOE) in 20 10. A major 
overhaul of the school accountability system 
was adopted by the Indiana State Board of 
Education on February 8, 2012. 

Compared to many states. Indialla has a long 
history of school accountability rel0l111S that 
have unfolded over the 25 years since the 
passage of the ";\+ Program:' This Educa
tioll Policy Brief will provide a summary of 

Indiana's past school accountability etTorts, 
including a summary of the core compo
nents of the PL 221 law and accompanying 
rules, and a detailed look at the recently ap
proved overhaul of PL 221. By examining 
together the past, present, and potential fu
ture trajectories of school accountability in 
Indiana. this brief will provide insights into 
the strengths of Indiaua's current system of 
accountability as well as areas in which the 
state, school corporations, and schools can 
continue to improve. .§ ; 'fAIN 

HISTORY OF REFORM 
EFFORTS 

The push for a standards and accountabil
ity system in Indiana began in 1987 with 
the educational reform efforts of Governor 
Robert D. OIT and H. Dean Evans, State Su- . 
perintendent of Public Instruction, after the 
Indiana General Assembly passed legislation 
creating the '"A+ Program." The subject of 
great partisan debate at the time, the program 
created a pertonnance-based system of ac
creditation and awards, added five days to the 
school year, established the Indiana Principal 
Leadership Academy, and implemented the 
Indiana Statewide Testing for Educational 
Progress (lSTEr) program (Gold, 1988). 
Much of the debate centered on the issues of 
perloll11ance-based accreditation and state
wide testing. In 1990, a compromise was 
reached in which the core principles of the 
"A+ Program" stayed in place and funding 
was increased for new and existing programs 
(Cohen, 1990). However, the relorms did not 
last, at least in the way that legislators and 
educators had hoped. 

In the late I990s, various reform efforts were 
proposed in the Indiana General Assembly, 
only to fail before those legislative sessions 
ended. Finally. in 1999. accountability sys
tem reforms were advocated to the legisla
ture: strongly backed by the Indiana Cham
ber of Commerce, the measures won suppOIi 
and became Indiana PL 146 and PL 221. 
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Thougll it has had less of a pereeivcd impact 
on the Indiana K-12 education comnlllnity in 
general. Public Law 146 was thc first mea
surc to be passcd. Thc primary Illllction of 
this piece of legislation was to create the In
diana Education Roundtable. which would 
make rceommendations on educational mat
ters to thc Indiana Statc Board of Education. 
The Roundtable is chaired by the governor 
and the state supcrintendent, and its mcmbers 
include representatives Ii-om the business, 
labor. higher education, and K-12 education 
communities, as well as other community 
Icaders. Although the group can make recom
mendations regarding any educational mat
ter, their first and primary role, as codified in 
thc legislation itselC is to review and make 
recommendations on academic standards and 
assessments ([NO CODE § 20-19-4, 2005). 

PL 146 called for the IOOE to develop, and 
the SBO E to adopt, acadcm ic standards for 
every grade Icvel from kindergarten through 
Grade 12 for English, mathematics, social 
studies, and science that should be based, in 
part, on the results of ISTEP+ testing, as well 
as standards for other subject areas not tested 
under ISTEP+. To further increase the acces
sibility of the process, the standards dcvel
oped by the mOE were reviewed by the Ed
ucation Roundtable in order to comply with 
the section of the legislation that states the 
standards are to be "clear, concise, and jargon 
free" (INO CODE § 20-31-3-1,2005), allow
ing them to be easily understood not only by 
administrators and teachers, but also by par
ents and community members. To ensure that 
the standards would remain current through 
the years, the standards fix each subject area 
are to be reviewedlreviscd cvery six years, in 
conjunction with the textbook adoption for 
each subject (INO CODE § 20-31-3-3, 2005). 

Indiana received praise carlyon for its work 
to improve its academic standards. A 2000 
report by Achieve, [nco noted the strengths of 
the state's effOits. [n particular, the repolt's 
authors noted that "Indiana's restated stan
dards show significant strengths, including 
grade-by-grade specificity and use ofjargon
ti·ee language" (Achieve. Inc., 2000). They 
praised grade-by-grade standards, as opposed 
to standards for grade clusters, for the addi
tional support and guidance they gave to cdu
cators. The use of jargon-free language was 
cited by the repOlt as making the standards 
more accessible to parents and students. Al
though the Achieve. Inc. repOit was released 
too early in Indiana's acadcmic standards re
vision process to evaluate thc rigor of all aca
demic standards required by I'L 146, more 
recent reports have ranked Indiana among the 
best in the nation fiJI" the quality of its aca
demic standards. 

In 2006, a joilll rcport li·om Achievc, Inc. 
and .lobs for the Futnre !1oted that "Indiana 
leads the pack when it comes to sctting high 
standards for all students that rellect thc 
real-world demands of careers and collegc" 
(Achieve, Inc. & Jobs fiJI" the Future, 2006). 
In 2008, Education Week's Quality COllllts 
report evaluated all 50 states in the category 
of"Standards. Assessmcnt, and AccoUl)tabil
ity." The :W08 repon ranked Indiana. for the 
second consecutive year, as the best state in 
the nation for the high quality of its academic 
standards and accountabi lity (Education 
Week, 2008). Indiana achieved this distinc
tion again with the 2012 Quality COllnts re
POlt (Hightower, 2012). 

The more consequential Public Ll\\i 221 was 
passed in conceit with Public Law 146 and 
reprcsented the successor to Governor On·'s 
"A+ Program:' in some cases building on 
ideas previously established as part of that 
program. Like its predecessor, PL 221 cre
ated a performance-based system of accredi
tation and accountability. financial incentives 
for high-performing schools called Student 
Educational Achievement Grants, fnnding 
for professional development, and annual 
performance reporting. PI. 221 also adapted 
three-year school improvement plans, to be 
revised aHnnally, as a core component of the 
new accountability system. These elements 
and their t1'amework fonn the bulk of this 
legisl ation. 

The process of writing the rules pursuant to 
PL 221 was a two-year long process marked 
by close collaboration with the Indiana Oe
pmtment of Education (lOOE), the Educa
tion Roundtable. and the State Board of Edu
cation (SBOE); however, there were some 
disagrcements concerning how to actually 
implemcnt the system laid out by the legis
lature. Much of the disagreement centered 
on the labeling system for tile categories of 
school improvement. Although many label
ing conventions \"ere discussed and the In
diana Chamber of Commerce favored more 
stringent category labels, Indiana's education 
establishment and community leaders be
lieved that negative labels for schools would 
stigmatize the schools and discourage their 
overall improvement. Eventually a compro
mise was reached with all interested parties 
agreeing on the following category labeling 
convention: "Exemplary Progress:' ''Com
mendable Progress," "Academic Progress;' 
"Academic Watch," and"Academic Proba
tion" (Zehr, 2001). 8y the end of 2001, all 
necessary SBOE rules regarding PL 221 wcre 
in place, allowing the IDOE to begin collect
ing the three years of data necessary for the 
Ilrst year of category placements to be made 
{or the 2004-05 school year. 

!.ll!~~_~__m~!mf1Jmml~~';l 

PUBLIC LAW 221 

As passcc.L PL 221 was a complcx piece or 
legislation. outlining not only the new per
fonnancc-bascd systcm of accountabi lity 
and consequences. but numerous revisions 
and updates to old provisions, such as School 
Improvement Plans. As previously men
tioned, the three primary components of the 
legislation that are summarized below are: a 
performance-based system of accrcditation, 
accountability, and consequences: three-year 
School Improvement Plans: and financial 
awards and incentives. 

Accountability Categories 

Perhaps the most important and visible fea
ture of the legislation is the accountability 
system, which consists of five categories into 
which all Indiana schools are placed based on 
student perfollnance and improvement. Table 
IA shows how these two factors combined 
prior to the 2009-10 school year to detennine 
a school's placement into one offive catego
ries: "Exemplary Progress," "Commendable 
Progress," "Academic Progress," "Academic 
Watch," and "Academic Probation." In 2010, 
the SBOE passed a rule to change the cat
egory labels to an A-F (ctter-grade system; 
this change will be discussed in greater detail 
later, as it served as a precursor to the more 
substantial rule changes initiated in 20 II. 

Although PL 221 was created before NCLB, 
the 200 I federal law required all states to in
corporate the federal system into their own 
accountability systems. To make this accom
modation, any Indiana school that failed to 
meet Adequate Yearly Progress (AYP) for 
two consecutive years was preclnded from 
placing any higher than the "Academic Prog
ress" category. Other differences between 
NCLB and PL 221 will be discussed in a later 
section of this brice 

Student performance and student improve
ment for PL 221 are detemlined by the re
sults of the IST£1'+ English/langnage arts 
and mathematics tests. Conceptually, the 
law also called for the inclusion of science 
and social studics exams; however, neithcr 
of these tests was factored into PL 221 com
putations since they are not tested at every 
grade level. A school's stndent performance 
was the average percentage of students pass
ing all ISTEP+ tests in Grades 3 through 10 
(as opposed to AYP which sets benchmarks 
that student subgroups must all meet). Stu
dent improvement was calculated based on 
the percentage improvement on all [STEP+ 
tests of student cohorL<; over the course of a 

---_ .._.__._------- ._. -----------
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Table 1. Student Performance and Improvement in PL 221 Placements 

A, Combination of Student Performance and Improvement Factors in PL 221 Placements Prior to the 2009-10 School Year 

Academic 
Progress 

Performance 
(Percent passing 

.ExemplaryISTEP+) 
Progress

;0,90% 

;0,80% ;0,1% <1% 

;0,70% ;0,3% ;0,2% ;0,1% <1% 

;0,60% ;0,4% ;0,3% ;0,2% <2% 

;0,50% ;0,5% ;0,4% 

;0,40% ;0,6% ;0,5% 

<40% ;0,6% 

;0,3% <3% <0% 

;0,4% ;0,1% <1% 

;0,5% ;0,3% <3% 

B. Combination of Student Performance and Improvement Factors in PL 221 Placements Beginning with the 2009-10 School Year. 

Performance 
(Percent passing 

ISTEP+) 

;0,90% 

;0,80% ;0,1% 

;0,70% ;0,3% 

;0,60% ;0,4% 

;0,50% ;0,5% 

<50% 

Improvement
 
(average passing percentage improvement over a three-year period)
 

;0,2% 

;0,3% 

;0,4% 

;0,5% 

Academic
 
Progress'
 

;0,1% 

;0,2% 

;0,3% 

;0,4% 

<1% 

<2% <0% 

<3% <1% 

;0,3% <3% 

Gray cells indicate placements that schools cannot receive given their performance and improvement (the exception being if a school fails to make AYP). 
Source: IND CODE ANN § 511-6.2-6-5, 2001 

three-year petiod (IND CODE ANN. § 511
6.2-6-4(f), 2009) and the average of the per
centages across all grade levels. 

For example, if 76% of a school's students 
passed ISTEP+ tests. and the school showed 
2.4% improvement over a three-year period 
and met AYP, the school would be placed 
in the "Commendable Progress" category. 
However, if this same school failed to meet 
AYP for two consecutive years. the school 
would be placed in the "Academic Progress" 
category. This particular exampie holds true 
[or both the category definitions prior to the 
2009-10 school year and the definitions ef~ 

feetive in the 2009-1 {) school year. 

In telms of performance and improvement, 
the present category placement definitions 
made adjustments to increase the improve
ment thresholds schools must meet accord
ing to their performance level (see Table I B). 
For instance, for schools with 50% or more 
(but less than 60%) of their students passing 
ISTEP+, the improvement thresholds have 
changed, effective in the 2009-10 school 
year. Unde~ the old thresholds, schools in this 
performancc level with a decrease in petior
mance «0% improvement) were placed on 
Academic Probation: however. under the 
new thresholds. schools that demonstrate less 

than I% improvement receive an Academic 
Probation placement. Aside from small ad
justments such as this, thc "<40%" and 
"2:40%" performance levels have been elimi
nated, having been substituted with a single 
"<50%" performance level. Thesc changes 
can be observed in Tables 1A and lB. 

Accountability Consequences 

In addition to categorizing schools. PL 221 
specifies a system of consequences in order 
to provide some incentive lor schools to seek 
improvement. The law and the administrative 
rules focuscd primarily on the consequences 
of schools falling into the "Academic Proba
tion" category. Consequences include a local 
response (consisting ora public hearing), state 
assistance, and changes to the school's ac
creditation status: Figure I summarizes these 
consequences. For each year that a school re
mains on "Academic Probation:' the conse
quences become progressively more substan
tial, ultimately resulting in state intervention. 
The 20 I I school accountability placements 
marked the first year in which schools found 
themselves in the sixth year of academic pro
bation, with sixth-year consequcnces taking 
effect in the 20 I I-12 school year. While as 
many as 17 schools were in the fifth ye,lr of 

academic probation and faced these conse
quences should they not improve, only scven 
fell into the sixth year of consequences. Thc 
1999 legislation and the 2001 administrative 
rules did not provide specific consequences, 
leaving it open to discussion and ultimately 
to the SBOE to make the final decision. On 
August 29, 2011, the SBOE approvcd a plan 
that would place five schools under the man
agement of private firms. In Gary, Roosevelt 
High School will be managed by Edison 
Learning, Inc. In Indianapolis, Arlington 
High School will be operated by EdPower 
and Charter Schools USA will operate Howe 
High School, Manual High School. and Don
nan Middle School. The private fillllS spent 
the 201 1- I2 school year assessing the schools 
and developing turnaround plans, with for
mal takeovers statting in the 20 \ 2-13 school 
year. The two other schools in the sixth year 
of consequences: Broad Ripple Magnet High 
School and George Washington Community 
School (both in Indianapolis Public Schools) 
were assigned Lead Partners to assist the 
schools in their turnaround effOlis. Scholastic 
Achievement Pmtners and The New Teacher 
Project were assignecl to work with I3road 
Ripple; Wireless Generation and The Ne\v 
Teacher Project were assigned to work with 
George Washington. 
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Figure 1 
PL 221 Consequences for Schools Receiving an "Academic Probation" Placement 

Local education agency (LEA) conducts public hearing and revises its school improvement plan. . 
Year 1	 School can request state-appointed outside leam to manage school or help revise the improvement plan (School 

considered in Year 4). 
Accreditation: Provisional 

School implements revised improvement plan.
 
LEA can request for a state-appointed outside team to assist in developing a new plan (School considered in
 
Year 4).
 
Accreditation: Provisional
 

School considers recommendations of outside team.
 
State will appoint an outside team to help revise improvement plan and recor~mend changes to promote im

provement. LEA can request technical assistance.
 
Accreditation: Probationary
 

State Board of Education conducts a hearing on options for the school. State may intervene.
 
School implements action determined by State Board of Education.
 
Accreditation: Probationary
 

Source: IND CODE §20-31-9 

School Improvement Plans 

Another integral piece of Indiana's account
ability system is the school improvement 
plan. Although school improvement plans 
were required by law under the "A+ Pro
gram" in 1987, PL 221 incoqJorated them 
and further specified the means by which 
they should be developed and the content 
they shonld contain (Indiana House EnroUed 
Act 1750 §13, 1999). Under this provision of 
the law, every principal must. with the help 
of a committee consisting of administrators, 
teachers, parents. and community leaders, 
develop a three-year improvement plan for 
his or her school. This plan must be reviewed 
and revised every year to ensure that progress 
is being made toward the established goals. 
A school's plan is reviewed by the school 
corporation's superintendent and ultimately 
approved by the local school board before 
being sent to the IDOE (lND CODE § 20
31-5, 2005). School improvement plans are 
a critical part of overali school accredita
tion. Schools that arc already accredited by 
an approved accrediting. agency or that fol
Iowan approved school improvement plan
ning model receive no further reviev" of their 
School Improvcmenl Plan by the IDOE: 
however. schools thal choose an optional 

lonnat approved hy the SBOE or another 
format are reviewed by the IDOE to ensnre 
thal all minimum requirements arc met (.T. 
Zaring, personal communication, September 
3, 2009). The school improvement plans ad
dress nearly every aspect of the school, fi'om 
safety to curriculum to student achievement. 
By law, the plans must address attendance 
rates and the percentage of students meeting 
academic standards: high schools must also 
address graduation rates in tlleir improve
ment plans (IND CODE §20-31·5-4, 20(5). 

Apart from these three requirements, schools 
also have the option ofdesclibing the extent to 
whidl they will make improvements in other 
areas ofeducation. The only requirement in es
tablishing thesc objectives is that results must 
be measured by setting clear benchmarks. 

School improvement plans are a critical as
pect of Indiana's accountability system. since 
the first five years of consequences involve 
the revision of the plans. School improve
ment plans approved by local school boards 
mUSl be submitted lO the IDOE's Officc PI" 
School Accrcditalion, which servcs as a 
clearinghouse for the pbns. Prior to 2009, 
the !DOE also asked schools to submit plans 
because annnal professional development 
grants were hased on professional develop
ment programs conlaincd in the schoo! im

provement plans (G. Frampton. personal 
communication, January 26, 2012). The Indi
ana General Assembly allocated $21 million 
of these grants in the biennial budget passed 
in 2001; $27.6 million in budg.ets passed in 
2003,2005, and 2007: and $11 million in the 
budget passed in 2009. 

The elm-ent state budget, passed in 20 11, eliin
inated this funding. To further increase the 
effectiveness of school improvement plans, 
schools are ban'ed from receiving full ac
creditation unless they have a elUTent plan on 
file with lhe Office of School Accreditation. 

Eaell school's professional development pro
gram must be created in conjunction with the 
school improvement plan and must be writ
ten by the same tem]] that writes the school's 
improvcment plan (TND CODE ANN. § 511
6.2-4-2(b), 2009). Professional development 
programs. as developed by each school and 
approved by the local school board, mnst 
emphasize improvements in student perlor
manee and student learning. Alter the local 
school board approves the professional de
velopment program, it is submitted lO thc 
SBOE, which reviews the programs to ensure 
that they meet all requiremel1ls. The SHOE 
provides extensive codified rules fill' devel
oping tllese programs in comparison to other 
aspects of PL 221. 

The Evolution orIndiana's School Accounlabi!ity System-.o+ 



------_.~-~---_-."'......_-~-

School Performance Awards 

Although thc ncgativc consequences to 
schools appcar complcx. involving multiplc 
stagcs and various proccsscs designcd to put 
schools on the path to improvemcnt, the re
wards for schools that perfoml well are fairly 
simple. Public law 221 established the Stu
dent Educational Achicvement GranL which 
was designed to "stimulate and recognizc 
improved student perfonnancc in meeting 
academic standards under the ISTEI'+ pro
gram" ([ND CODE ~ 20-31-7-4(a), 2005). 
The law itself does not enumerate the de
tails of the program and instead deters to 
the mOE and the Education Roundtable 
to negotiate details sueh as the amount of 
grants and the system of distribution. Sinee 
its ineeption, the Indiana General Assembly 
has ehosen not to lund this grant system, 
thus making aetion by the 100E and the 
Indiana Edueation Roundtable unneeessary. 
Efforts to repeal this program, along with 
other obsolete statutes by the Indiana Gen
eral Assembly, havc so far been unsueeessfui. 

In addition to this grant fund, I'L 221 also 
eontinued (from the 1987 "A+ Program") a 
more general program of performanee-based 
rewards for sehools, whieh mayor may not 
be high-perfOiming, but whieh demonstrate 
improvement in perf0l111anee (IND CODE § 
20-31-11, 2005). Perfomlanee and improve
ment are dependent on benehmarks that are 
eonsidered appropriate for the sehool by the 
SBOE and state superintendent. To be eli
gible for these performanee-based rewards, 
schools must demonstrate improvement for 
two years (IND CODE ~ 20-31-11-2. 2005). 
Onee this improvement is identified, the 
award must progress through a series of ap
proval measures ineluding a formal written 
report from the SBOE submitted to the State 
Budget Committee and snbjeet to the approv
al of the governor. This award program has 
also not been funded for the last several years. 

@ fiE 

RECENT OVERHAUL OF PL221 

The 1DOE made the decision in early 20 II 
to change Indiana's school aceountability 
framework because state education leaders 
and policymakers deemed it ineomprehen
sible to parents, administrators. and the com
Illunity at large. The desire for sehool ac
countability to be "clear. concise, and jargon 
free" was not facilitated by the ambiguity of 
the initial performance eritcria or category 
placcments, and the public was ealling out 

for change ([NO CODE 920-31-3-1,2005). 

In Jaillwry of 2011, thc IDOE presented a 
tcntativc plan for revising Indiana's account
ability framework. The plan was sinlilar [0 

past li'amcworks in that it was to bc driven bv 
school performancc and would be significant
ly inl1ucnced by growth and improvement in 
student achievement. Additionally, the ncw 
framcwork made a conccrted effort to relate 
pcrlollnance criteria for high school students 
to their level of college and career readiness. 
Finally, it was the intent of the 100E that 
the new framework be separated from AYI', 
cventually replacing it completely. The 100E 
r1an had three parts: first, it aimed to separate 
AYI' from state accountability: second, it rc
vised the criteria used to place schools in ac
countability categories: and third, it adoptcd 
letter grades for accountability determina
tions to c1ari fy the murky "performance and 
improvement" categories. 

Separation from AYP 

The No Child len Behind Act of 200 I 
(NCL£3) was a bipartisan effort under Presi
dent George W. Bush to increase schools' 
accountability for studt:nt learning. Arriving 
two years after the passage ofPL221, NClB 
added a second layer of school accountabil
ity for states. As previously cited. by federal 
law this seeond layer of accountability was 
ineorporated into Indiana's system by link
ing AYP results to the PL 221 accountability 
category placements. Using student perfor
mance on standard ized test scores as a proxy 
for measuring leal1ling, the AYP eomponent 
of NCLB requires sehools to show measur
able ycarly'increases in student achievement 
on standardized tests. 

The incorporation of AYI' into PL 221 was 
especially diffieult in lndiana dne to kcy 
differences in how the U.S. Department of 
Education (USDOE) under NCl.S's AYP re
quirement and the SBOE under I'l 221 mea
sured indicators of leaming. First, AYI' only 
considers the pereentage of students passing 
15TEP+ and End-of-Course Assessments; 1'1. 
221 incOlvorates improvement as wcll as per
formance. Second, Pl 221 tracks cohorts of 
students from year to year, while AYI' uses 
year-to-year comparisons of the same grade 
level. Moreover, consequences of failing to 
make AYP are only applied to Title I schools: 
both Title I and non-Title I schools missing 
growth targets under I'L 221 rt'ceive conse
quences. though publ ic charter schools and 
nonpuhlie schools are exempt. Third, AYI' 
is based on the total number of students en
rolled in the school for 162 days in the ycar 
of testing: Pl 221 uses students emolled lor 

126 days as its base. Fourth, rcrfollnance 
mC,ISUI'emcnts in 1'1. 221 include all studenls 
tcstcd. whercas /\YI' incorporates data ana
lyzed by student dcmogmphic subgroups. h
nally, AYP dctcrminations are not affected by 
I'L 22 I. but as AYI' is a federal regulation. 
I'L 221 incolvorates AYI' detcrminations into 
category placements. A source of major ten
sion, catcgory placemcnts for Indiana schools 
were capped at "Aeademic I'rogrcss," a C un
der the new letter grade system, for schools 
in which the salllc student subgroup fai Is 
to make AYI' for two consecutivc years. 

These di ffercnces are not trivial: significant 
friction has rcsulted over the reconciliation 
of the two sometimes competing systems of 
aecountability. Schools truly wishing to im
prove needed to navigate two scts of criteria 
that often produced disparate recommenda
tions for improvement and penalties lor fai l
ure. As the frustration with the competing 
systems neared thc boiling point, the Obama 
administration announced that it would offer 
waivers to states who believed they alrcady 
possessed a strong accountability system. 
Atier significant debate by the SBOE, Indi
ana became one of the first states to apply for 
this waiver. State Superintendent of Public 
Instruction Tony Bennett, in an SBOE meet
ing in December, voiced confidenee in the 
waiver, saying the document was "about as 
solid as anyone [sic] in the country" (Tony 
Bcnnett, SBOE mecting video 12/7/11). In
deed, on Febmary 9, 2012, Indiana became 
one of ten states to be granted the waiver for 
exemption from AYI', meaning that the state 
would no longer have to include AYP in cal
eulating category placements (EllioL 2012). 
In a statement released following news of 
acceptance of lndiana's waiver appl ieation, 
Bennett remarked that "Indiana will take 
advantage of the flexibility we have been 
granted with this waiver by continuing to 
pursue policies that produce better academic 
outeomes for our children" (Elliot 2012). 
Fulfilling a critical component of PL 221 
refolln, this exemption will assist in stream
lining the category detennination process 
and will present a more coherent, concise 
accountability framework overall. Subse
quently, an eleventh state has had its waiv
er application aprroved and 26 states and 
the District of Columbia have applied for a 
waiver in round t\\,"O ofwaivcr consideration. 

Revision of Placement Criteria 

A fter significant debate by the 5£30E, the plan 
for revising placement cl-iteri<l was publ ished 
for public comment in the Indiana Register 
on December 14,2011. Aller a subsequent 
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review of comments and liu"thcr debate at the 
February Board mecting. the SBOE voted 6 to 
2 to accept the rule change with minor modi
fications (Elliot, 2012). The new rule includ
ed major changes in criteria lor the following 
school types: c1emelllary and middle schools 
open for four years or more; elementary and 
middle schools open for three years or less; 
high schools; elementary feeder schools; 
high school feeder schools; small elemen
tary and middle schools; small high schools; 
school corporations; and schools opening, 
reopening, reconfiguring,. or redistributing 
students. The following discussion will focus 
primarily on elementary and middle schools 
open for four or more years and high schools. 
A brief discussion will follow on thc rule 
variations for the remaining school typcs. 

±i~ 

ELEMENTARY AND MIDDLE 
SCHOOL EVALUATIONS 

The revision of placement criteria is based 
on a new method of calculating thc pcrfor
mance and improvcment category grade. Ac
cording to LSA # I I-51 511 rAC 6.2-6.4 (t), 
a category grade is assigned by the Board ac
cording to the metric presented in Tables 2-5 
(Elementary and Middle Schools) and 5-12 

.(High Schools). The first step in detemlining 
the evaluation is to calculate the English/lan
guage al1s and mathematics points bases. 

Elementary and Middle School: 
English/Language Arts 

For English/language arts, a preliminary score 
is set by detemlining the percent of students· 
passing rSTEP+, [MAST, and ISTAR Eng
lish/languagc arts tests. The resulting percent
age is converted to points, as seen in Table 2. 

Working from this preliminary score. a fi
nal point score is detemlined by adding or 
subtracting points based on ability to meet 
or failure to meet test score growth crite
ria, respectively. Section 511 lAC 6.2-6-5.1 
lists two possible ways to gain one point 
to the preliminary score (heretofore as
suming students included obtained valid 
results): (a) if at least 42.5% of the lowest 
25% of students taking tile ISTEP+ Eng
lish/language arts test demonstrate "high 
growth," defined as scoring 2: to the 66th 
percentile; and/or (b) if at least 36.2% of 
the top 75% of studcms taking the same 
test demonstrate high growth' (sec Table 3). 

The growth period for elementary and 
middle schools is one year. 

There are four ways to lose points li'om the 
preliminary score: (a) if at least 39.8% of 
students taking the English/language arL~ 

ISTEP+ test demonstrate "low growth," de
fined as:S the 3-1'" percenti Ie: (b) if fewer than 
95% of students performing in the lowest 
25% on the prior year's test were tested on 
the Engl ish/language arts component; (c) if 
there are at least 40 students per/orming in 
the lowest 25% on the prior year's rSTEP+ 
English/language a11s assessment and fewer 
than 95% of the stlidenL~ not included in that 
lowest 25% subgroup were tested on that 
component in the year being assessed; or (d) 
ifno points were deducted under the first two 
options, and fewer than 95% of students cn
rolled in the school were tested on the Eng
lish/Ianguage arts component (see Table 3). 
Finally, the rule makes provisions to neither 
add (see a and b in the above paragraph) nor 
deduct (sec only a above) points if a school 
has fewer than ten students who were en
rolled for at least 162 days in the year being 
assessed, were not tested in English/language 
arts ISTEP+, were not included in the subsec
tion in (c) (above), or were not assessed for 
growth. With these points added or subtract
ed /Tom the preliminary score, the base point 
score is converted into A-F letter grades (pre
sented in Table 5). This base point score and 
corresponding letter grade is the school's ac
countability result for English/language alts. 

-~_._---_~------..
Elementary and Middle School: 
Ma thema tics 

rvlathematics point scores and letter grades arc 
calculated in a similar manner. A preliminary 
score is established based on the percentage 
of students passing the mathematics test from 
the ISTEP+, IMAS1~ and ISTAR (Table 2). 
Next, points are added to or deducted fi'om 
this preliminary score (see Table 4). Schools 
may earn points or avoid losing points on the 
mathematics preliminary score if they meet 
the same set of requirements set fOl"th tor 
English/Ianguage arts exemption. 

There arc two ways to gain points on the 
mathematics preliminary score: (a) one point 
is awarded ifat least 44.9% ofthe lowest 25% 
of students taking the ISTEP+ mathemat
ics test demonstrate high growth: and/or (b) 
if at least 39.2% of the top 75% of students 
taking the ISTEP+ mathematics test demon
strate high growth. There are four ways to 
lose points ti'OIn the preliminary score: (a) 
if 42.4% of all students taking the ISTEP+ 
mathematics test demonstrate low growth; 
(b) if fewer than 95% of students in the low
est 25% on the prior year's test are not tested 
in the current year; (c) if there are at least 40 
students perfOLming in the lowest 25% on 
tile prior year's rSTEP+ inathematics assess
ment and fewer than 95% of the students not 

ELEMENTARY AND MIDDLE SCHOOL 
GPA CALCULATIONS (TABLES 2-5) 

Table 2. Assessment Preliminary Point Score Detenninations 

* According to Federal standards, only students enrolled in the US 12 months 
or less are exempted from proficiency calculations. 

ELEMENTARY AND MIDDLE SCHOOL GPA CALCULATIONS (TABLES 2-5) 

(continued on next page) 
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included in thaI 10"'est 25'/,;, subg.r0up were 
tested on that componen( in the ye,lr being as
sessed; or (d) ifno points were deducted un
der the first two options, and !i:\vcr than 95'10 
of students enrolled in the school were tested 
on the mathematics component (see Table 3). 
Finally, the rule makes provisions to neither 
add (see a and b in the above paragraph) nOl" 
deduct (see only a above) points if a school 
has fewer than ten students WllO were en
rolled for at least 162 days in the year being 
assessed, were not tested in English/language 
arts ISTEP+, were not included in the sub
section in (c) (above), or were not assessed 
for growth. With these points added or sub
tracted from the preliminary score, the base 
point score is convetied into A-F letter grades 
(presented in Table 5). This base point score 
and corresponding letter grade is the school's 
accountability result for mathcmatics, 

To obtain the final performance and improve
ment category grade, the SBOE averages the 
base English/language mts and mathematics 
point scores (that is, they sum the two scores 
and divide by two). The result is a final point 
score. That figure corresponds with an over
all letter grade (see Table 5). 

Elcmcntary and Middle School: 
Exccptions 

There are notable exceplions lor this calcula
tion method. Elementary and middle schools 
open three years or less may choose to use 
a different scale for determining preliminary 
point scores for English/language arts and 
mathematics areas during their first three 
years of operation. The scale is based on the 
percent of students showing high growth 
rather than percent passing, and the cutofT 
levels tor assigning points differ significant
ly, Additionally, these schools do not havc 
the option of including [MAST or lSTA R 
results in calculating those preliminary point 
scores. The procedure 'also ditTers for feeder 
elementary schools' which use an average of 
the receiving schools' base point scores (or 
English/language arts and mathematics cate
gories. Those averaged base point scorcs arc 
then averaged by the standard procedure to 
obtain a figure that is converted into a letter 
grade. Finally, sma]] elementary and midd Ie 

, A feeder school is defined as a school that directs 
a significant number of students to a particular 
middle or high school. 

schools n~cd to havc at Icast. 30 studcn(s 
meeting the "eligibility" critcria in J.::nglish/ 
languagc arts and mathcmatics in order to re
ccivc a gradc placcmcnt. If there arc not 30 
appropriate cascs, thcn thc English/languagc 
arts and mathcmatics base point scores will 
be calculated based on a cumulative aggre
gate of students who meet the criteria, with 
the aggregate beginning in thc school year 
bcing assessed and for each immediate pre
ceding year until 30 cases are reached. 

A 'rRei 

HIGH SCHOOL EVALUATIONS 

Criteria for high school placement categorics 
diner from that of elementary and middle 
schools in that they arc not based on growth 
of achievement on test scores, but on End
of-Course Assessments (ECAs), graduation 
mte, and college and career readiness scores. 
Spccifieally, the components used to calcu
late the overall score for higll schools are 
English Grade 10 ECA, Algebra I ECA, a 
graduation rate score, and a college and ca
reer readiness score. The calculation method 
is similar to that used in elementary and 
middle schools, with the establishing of a 
preliminary score that is modified into a 

ELEMENTARY AND MIDDLE SCHOOL GPA CALCULATIONS (continued from page 6) 

Table 3. Elementary and Middle School Englishl Table 4. Elementary and Middle School
 
Language Arts Point Score Adjustments Mathematics Point Score Adjustments
 

<95% 0rall students take the 
ISTEP+;IMASt; ot ISTAR"" . 

Subtract 1 point 

, A school must have a minimum of 10 students in the bottom 25% of
 
growth period to be eligible for points in this area.
 
" A school must have a minimum of 10 students in the top 75% to
 
be eligible for points in this area.
 
"* A school must have a minimum of 10 students to be eligible for
 
possible loss of points in this area.
 
"** A school must have a minimum of 40 students in the subgroups
 
to be eligible for loss of points in this area.
 

<95%of all students take the 
ISlEP+;IMAST, or ISTAR';;" 

* A school must have a minimum of 10 students in the bottom 25% to
 
be eligible for points in this area.
 
" A school must have a minimum of 10 students in the top 75% to
 
be eligible for points in this area.
 
*** A school must have a minimum of 10 students to be eligible for
 
possible loss of points in this area.
 
"" A school must have a minimum of 40 students in the subgroups
 
to be eligible for loss of points in this area.
 

ELEMENTARY AND MIDDLE SCHOOL GPA CALCULATIONS (continued on next page) 
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ELEMENTARY AND MIDDLE SCHOOL 
GPA CALCULATIONS (TABLES 2-5) (continued from page 7) 

Table 5. Final Point Score Conversion to Letter 
Grade 

1.0-1.99 

0.0 - .99 

HIGH SCHOOL GPA CALCULATIONS (TABLES 6-14) 

Table 6. Assessment Preliminary Point Score 
Determinations 

0:00-59,9

• According to Federal standards, only students enrolled in the US 12 months 
or less are exempted from proficiency calculations. 

Table 7. HighSchool Grade 10 English End-of-Course Assessment 
Point Score Adjustments 

* A school must have a minimum of 10 students to be eligible for possible addition or loss of 
points in this area. 

HIGH SCHOOL GPA CALCULATIONS (continued on next page) 

base score with points added or subtracted 
for meeting or ftliling to Illeet benchmarks. 
At the high school level, scores arc capped 
at a ma:-;imum of 4 points and a minimum of 
opoints. The three rcsulting base scores are 
then weighted and added together to produce 
a figure thal is converted iuto an overall let
ter grade (the English Grade 10 ECA, Alge
bra I ECA, and graduation rate are weighted 
by multiplying the corresponding base point 
score by .3; the college and career readiness 
score is weighted by Illultiplying the COITe
sponding base point score by .1 [see Table 
13]). The process is modeled in Tables 6-14. 

High School: English 

The preliminary point score for English 
Grade 10 ECA is based on the percent of stu
dents passing the ECAor ISTAR by the end 
of Grade 10 (see Table 6). 

Schools can gain one-half point in one of 
t\Yo ways: (a) if the percentage of students 
passing the ECA or ISTAR is at least 10.3 
percentage points higher than the percent 
of those same students passing the Grade 8 
English/language arts test. or (b) if at least 
10 students in the graduation cohort do not 
pass the English Grade 10 ECA and at least 
59.3% of the students in the graduation co
hort who do not pass the ECA or lSTAR 
by the end of Grdde 10 do pass the assess
ment by the time the cohort graduates (see 
Table 7). A total of one-half point can be 
deducted if the percent of students passing 
the ECA or ISTA R is at least .1 percentage 
point lower than the same students' scores 
on the Grade 8 English/language arts test. 
After the necessary additions or reductions, 
the resulting point score is the final. score. 

High School: Mathematics 

The preliminary score for a school's Algebra 
I ECA is obtained by taking the percentage 
of students passing that ECA or I.STAR by 
the end of Grade 10 (Tab Ie 6). 

Points are added or deducted in a fashiou 
nearly identical to that used for the English/ 
language arts ECA; the only differences are 
ill the assessments refereuced (Algebra I 
ECA vs. English/language arts ECA), and 
the percentage point thresholds for add
ing a point (17.1 % aud 62.8% for adding a 
one-half point) (mathematics criteria are 
identical) (see Table 7). As in the English/ 
language arts ECA tinal point score calcu
lation, the resulting figure aller additions 
and subtractions is the final point score. 

(col1lillued 011 page /3) 
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HIGH SCHOOL GPA CALCULATIONS (TABLES 6-14) (continued) 

Table 8. High School Algebra I End-of-Course Assessment Point Score Table 12. High School College and 
Adjustments Career Readiness Point Score 

Determination
If...: '.' .: .·c·.' .'. ' ''' ..i,·,' Then.;~: .'c'" .'.
 

Percentage of students from the Grade 10 cohort that passed the ECA~
 ..•• ~kr;?¢;n~ge.ofGr<ldU-Add .5 points 
~tEl'$' Wii()~re"colie~~' 

who passed the Math. portion 9t1STER+>IMAST. or ISTAR in Grade 8~ 
17.1 p~rcentagepoints, higher than the percentage of the same students 

<tpr,cark~rRfi~~yi~,7 ~ 

~62.8% of students in the graduation cohort that did not pass the Algebra I Add.5 points .. 25.0-.100.' 

ECA or ISTAR at the .end ofGrade 10 pass those assessments by the time 
18.4 - 24.9 the cohort graduates from high school..'. 
11.7 -18.3'·;~i.':.*~':5;;~T~~'K~~t~I/:?r~~:,;';~¥~;~::~~~:'0~; ~)~{{;~:~f;i/-{ '\/. ·r·(;·~1;~:i~;~~::::'j;'\{f:' ~/-. <\'",," ~-'-~~~-:;i~'~~,~:;>~', ~'./_/~S<:' ;:L:, :\}tti~;ri:~:' '\~'{'"> 
5.0-11.6 ..Per(;entag~ofstJdentsfrorri the Grad$1 () cohort that passed the ECA< .' .. -. S.ubtract.5 .. '. 

0:0 perc8t)tage pointslower"thimthe percentage ofthesamestudents wh.o .'. points 0:0 -4.9 
pass~dYh~math portion ofthelSTEP+,IMAST or ISTAR ih Grade 8* . . .. , 

·.• ·.·Pikly~"!J:n~ry 
"PointScore· .' 

'., " ::;,;;.;t;: i<;{ 
4 

3 
2 ..... 

·0 

* Exemptions: 

• A school must have a minimum of 10 students to be 
H A school must have a minimum of 10 students to be eligible for addition or loss of points in this area. eligible for points in this area 

Table 13. High School Point Score 
Table 9. High School Graduation Rate Preliminary Point Score Determination Weighting Method 

7""-=--.--c 

Algebra I EcA 

Grad1JationRaf~;;;. 

College and Career' 0.1 
Readiness 

Note: Sum resu~ing figures to gel final point score 

The total number of excluded students may not exceed 3%of the school's total gradu
ation cohort Table 14. Final Point Score 

Conversion to Letter Grade 

Table 10. High School Graduation Rate Point Score Adjustments 

* This will not be applied until AY 2014-15. The target number is SUbject to change. A school
 
must have a minimum of 10 students to be eligible for points in this area.
 
** This will not be applied until AY 2014-15. The target number is subject to change. An
 
Industry Certification target number will also be applied to this subgroup in AY 2014-15 as a
 
mechanism for a school to not incur the 1.00 penalty. A school must have a minimum of 10
 
students to be eligible for points in this area.
 

Subtfact1 pbint 

I Table-;:"H~SchOOI Co"~ge and Care., Read'ne" Rate Ca'c"'at'on Method' 
# Cohort # Cohort # Cohort # Cohort 

Grads Who Passed an + Grads Who Passed an + Grads Who Received 3 + Grads Who Received Industry 
( )AP Exam 18 Exam College Credits Certification 

Total # Cohort Graduates 

* Each student may only count once in the numerator. 

I~urce: http~~_w.doe. in .gO~/sit~S/d:!'.~ul~~~accoun~bility~~~~iled~~owe~point-sb()e-=-12!_1~pd f.~~ ... .. 
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Policy Perspective
 
New Accountability Metrics: Transpal'ency and Student Success 

Dr. Tony Bennett 

As Indiana continues to seek new opportunities 
to drive student success, our state's firm com
mitmem to new levels of accountability for all 
schools accepting taxpayer dollars will bolster 
efforts to provide our students the top-notch edu
cation they deserve. The Indiana Department of 
Education, with significant input from educators 
around the state, has reccntly taken several effec
tive steps to transform our state's school account
abi Iity system. 

Our state's pre,'ious metrics drew justified criti
cism from parents and the public, as wcll as from 
our state's teachers and school leaders. To be
gin, the old categories for school accountability 
placement (Exemplary Progress, Commendable 
Progress, Academic Progress, Academic Watch, 
and Academic Probation) were ambiguous and 
told the public little about their schools. Indiana 
needed clearer category labcls that could be un
derstood by people from all walks of life. 

All Indiana schools received A through F letter 
grades tor the first time last fall. This simple de
cision has had a profoundly positive effect on our 
school communities. Easy-to-understand catego
ry placements have driven new levels of com
munity engagement across the board. Around the 
state, communities are participating in substan
tial discussions regarding school improvcment, 
and many have fanned new partnerships aiming 
to better serve the needs of students. 

With these transparent labels in place, the need 
for more comprehensive accountability metrics 
was more apparent than ever. The old metrics 
were narrowly focused on how many students 
passed state assessments, three-year gains in 
the number of students passing, and the federal 
Adequate Yearly Progress (AYP) measurement, 
which federal law required Indiana to include 
in our state metrics. The AYP determination of
ten had a punitive elfect on schools, creating a 
multitude of ways for them to fail to meet the 

Dr. Tony Bennett 

requirement. with few opportunities to demon
strate student gains and progress toward closing 
achievement gaps. 

In April, our Stale Board of Education approved 
new accountability metrics for school perfor
mance rankings. This decision was the result 
of a two-year process to create the ncw metrics, 
which were based on input from educators across 
the state and intense research on the academic 
indicators most directly related to student suc
cess. Indiana's metrics for school performance 
had not changed since 1999, and the board felt 
a duty to Hoosier students, parents, and educa
tors to update our accountability formula with 
more current and effective measures ofacademic 
achievement. 

The final result is a fair and rigorous system that 
holds schools accountable for the success of all 
students, while leveling the playing field to en
sure all schools have a chance to demonstrate 
effectiveness. 

At the elementary and middle school levels, the 
new metrics balance pert'ormance, improvement. 
and growth to provide a comprehensive view of 
school achievement. Indiana's Growth Model is 
used to increase letter grades of schools demon
strating high overall growth or measurable suc
cess in closing the achievement gaps within their 
buildings..Further,· a school's letter grade will 
fitlingly drop if the school is not helping its stu
dents grow academically. 

The Growth Model looks at the individual prog
ress students make during the course of the 
school year rather than whether students simply 
"pass" or "fail" a test. Incorporating growth illlo 
our accountability metrics finally recognizes the 
accompl ishments of so many educators who 
drive tremendous growth in students who start 
thc school year performing well below grade
level. Our previous metrics were blind to growth 
lor far too long. I'm tremendously proud Indiana 
is now lIsing this new tool to measure the gains 

our teachers drive each year III their classrooms. 

At the high school level, the metrics focus on 
completion and align with our goal to ensure 
students are ready to succeed in postsecondary 
courses and the workforce upon graduation. Oncc 
again, by implementing college and career readI
ness indicators, we are focusing on the things 
that matter most to the success of our students 

Students are expectcd to pass the end-of-course 
assessments, graduate, and complete at least one 
of tour indicators representing college and career 
readiness: passing an AI' or lB exam, earning 
college credit (dual credit), or earning an indus
tty certification. There are multiple paths to suc
cess, but the formula is the same: an cmphasis on 
the acquisition of the requisitc skills that allow 
our students to compcte for high-wage, highly
skilled jobs and careers. 

Discussion around the metrics should focus on 
substantive pol icy differences and the many im
provements to our previous, antiquated model 
To be clear, Indiana's new accountability system 
does not establish a quota system or unfairly pun
ish high-poverty schools By its very nature, in
corporating the growth model as part of the new 
metrics breaks down barriers for schools with 
our most challenging student populations. 

It is understandable that change of this magni
tude will bring some level of discomfort to those 
who have become accustomed to operating under 
the old system. But when change helps us renew 
Our focus on providing our students the skills 
they need to succeed, it's a good thing. And so, 
many schools working hard to provide our stu
dents the top-notch educations they deserve have 
nothing to fear. Their efforts will be rewarded by 
the A through r: school accountability system. 

Those looking for evidence of bipartisan support 
for Indiana's accountabil ity metrics need look no 
furthcr than the approval of our No Child Left 
Behind waiver application for the U.S. Depart
ment of Education. The new metrics were a key 
piece of the state's application and received sig
nificant applause for the focus on closing the 
achievement gaps that have persisted in our na
tion's schools for several generations 

We cannot waver in our commitment to pro
vide all students access to a world class edu
cation. To achievc this goal, we must hold all 
stakeholders accountable for our studellls' suc
cess and engage communities in collaborative 
partnerships to support school improvemelll 
efforts. Recent steps will go a long way to
ward helping Indiana accomplish this vision. 

Dr. Tony Bennett i~ State Superint'endent 'of Public ' , 
Instruction for Indiana " - .. " ",>, :. '" " >, 

. ,'" -- - ::. ;;.i,,', ~~' <.. ~ -:' ':,,'<. ',:~,"'v~.~';::" ;,< ~-:~ 
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Policy Perspective
 
The New A-F Model: The State Board of Education
 

Failed to Listen to the Public
 

On January 17,2012, the only public hearing 
on new rulcs revising A-F categories auracted 
35 speakers. 

All 35 spoke against the plan. 

8

When the State Board of Education passed 
the rules at their next meeting on February 

1
", changes proposed by the 35 speakers were 

ignored. The only changes made were those 
requested by federal officials to secure the 
federal waiver from No Child Left Behind an
nounced on February 9''

The State Board should have listened to stake
holders at the hearing. They have passed a 
flawed systcm. Issues raised at the hearing 
include the following: 

I) The rules do not establish categories of 
improvement as the law requires. 

"IC 20-31-8-3 Categories or designa
tions of school improvement estab
lished 

Sec. 3. The state board shall estab
lish a number of categories or designa
tions of school improvement based on 
the improvement· that a school makes 
in performance of the measures deter
mined by the board with the advice of 
the education roundtable. The catego
ries or designations must reflect vari
ous levels of improvement." 

Instead of setting up categories based on 
improvement the rules base leller grades 
on performance. The heaviest factor in the 
school grade is perfonnance on ISTEP math 

Dr. Vic Smith 

and English tests. Predictably. 90% passing 
will bring an A and 60% will produce a D. 

Improvement is reduced to a bonus or reduc
tion that can slightly lift or lower thc perfor
mance grade. 

2) The rules use improvemellt statistics based 
011 peer peljormallce ill elemelltalY alld 
middle schools. 

If a school has a high percentage of low
growth stUdents, its grade will go down. Ifa 
school has a high percentage of high growth 
studcnts, its grade will go up. 

Here's the problem: Low-growth and high
growth labels for students are determined 
relative to the performance of their peers. 
Whether a student's growth is high enough 
to be labeled "high growth" is influcnced by 
the growth of other students who start out at 
the same score. Given two students both pass
ing the test and raising their scale scores by 
the same amount, one could be labeled "high 
growth" based on how peers performed, while 
the other slUdent is not. High- and low-growth 
scores are norm-referenced statistics. 

The use of norm-referenced measures in state 
accountability systems ended years ago. Pol i
eymakers in the 1990's abandoned the use of 
norm-referenced measures for the purpose of 
accountability. Instead, state accountability 
policies. were based on criterion-referenced 
measures, wherein a criterion is set and all stu
dents who achieve that level can pass. Basing 
high growth on the normal curve ofpeer scores 
is neither wise nor fair, yet this has been embed
ded in the new criteria for school letter grades. 

3) The results lIlIfairly punish the performance 
of Indiana selementary/middle schools. 

100E projected before the February 8'" vote 
that 405 Indiana schools (22.6%) would have 
D's or F's In Florida, a state highlighted by 
Dr. Benllett as a role model for letter grades, 

only 6% of schools cluTcntly havc D's or F's. 

The contrast between 22% and 6% is remark
able, especially given the fact that on the samc 
national assessment lest. Indiana has out, 
scored Florida consistently in math, science. 
and gllt grade rcading. 

This comparison leads to the conclusion 
that Indiana now has a harsh slandard that is 
roughly three times tougher than Florida in 
producing 0 or F schools, potentially feeding 
large numbers of schools into state takeover. 
Additionally, the same data produced only 
20% D's and F's last August using the old sys
tem. Thus, the new rules assign D's and F's to 
45 more schools than the old system. 

Why should Hoosier schools be graded sig
nificantly lower than Florida schools? 

Why should Hoosier schools be graded lower 
than 20 I0-11, using the same test data? 

A key problem is the anemic way the new 
rules award bOlluses for improvement to el
ementary and middle schools. Relatively 
few bonuses are likely. Instead. performance 
scores will be the dominant factor in the 
school grade. 

Including norm-referenced metrics in the 
model may also become the basis for lawsuits 
when IC 20-31-8-2(b) is considered: (b) The 
department shall assess improvement in 
the following manner: (I) Compare eaeh 
school and each school corporation with 
its own prior pcrfOl'mancc and not to the 
performance of other schools or school 
corporations. The labeling of high- and low
growth students does indeed use comparisons 
involving the students of other schools and 
school corporations. 

The state board did not listen well to the public 
during the hearing process, undermining pub
lic confidence in the validity of the grades and 
leaving the program vulnerable to lawsuits. 

- ~ " 

. Dr. Vic Smith is a Retired Educator and Volunteer Board < 
" Member of the Indiana Coalition for Public Education' .~ 
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Policy Perspective
 
Do The New School Grade Models Make The Grade? 

The Indiana Association of School Princi
pals ([ASP) served on the High School A-F 
committee from the beginning and this col
laboration allowed for the correct input to 
be consider~d. Our goal was to help develop 
a fair, accurate, and transparent model that 
was. a comprehensive picture of high schools 
in the state of lndiana. Borrowing from 
the elementary school model, we focused 
on performance and improvement, and the 
lour categories that emerged represent the 
18-month dialogue. The improvement factor 
also allowed for data that illustrated 8th grade 
to 10th grade, and 10th grade to 12th grade 
improvement in the areas of the Algebra I 
and English 10 End-of-Course Assessments 
(ECAs). The four categories are the Algebra 
I and English I0 End-of~Course Assessments, 
Graduation Rate, and College and Career 
Readiness (CCR). The ECAs were the two 
factors that were a part of the PL 221 grad
ing model, while graduation rate and CCR 
were added to expand the model and present a 
more balanced scenario of what occurs during 
high school. Continued dialogue on the high 
school model is critical thaving students be
come college ready, but the general diploma 
can still be a significant m:complishment tor 
many students who desire to enter directly 
into a career. The influences of poverty im
pact educational opportunities and the gradu
ation rate grade should not solely represent 
the community's demographics. Penalizing 
schools for having too many general diplomas 
without accounting for the [actors that make 
graduation difficult in many communities 
was not the original intent of the committee. 

The elementary/middle school model focuses 
MORE on pertonnance and growth as com
pared to prior year test scores. The idea of in
corporating growth into school accountabil ity 
is a positive step, as this gives credit for thc 

Todd Bess and Steve Baker 

work a teacher does with a student through
out the school year even though the student 
may not pass thc ISTEP+ exam. Concern is 
noted, however, when growth is determined 
when comparing students against one another 
and without regard to poverty as a factor in 
learning opportunities. Examples of success 
with high-poverty schools do exist and these 
are to be celebrated and, hopefully, replicated. 
Right now these examples are limited and thus 
prove the difficulty of working with high-risk 
students. Dialogue must begin on how to pro
vide credit to schools doing exceptional work 
with high-risk students. JASP also urges dis
cussion on incorporating additional factors 
into the elementary/middle school model as 
exist in the high school model. Adding other 
student learning data into the elementary/ 
middle school model will provide a better rep
resentation of what occurs during these criti
cal lonnative years and can add to both the 
performance and growth factors for schools. 

"ToddBess 

Another factor that deserves discussion is that 
each subject area GPA is capped at 4 points. 
This limits the tinal grade average of the two 
subject areas and docs not provide the de
sired clarity of what is occurring in a school. 
Schools that are showing growth for thc bot
tom quartile of students and lor the whole 
school should be given credit for this outstand
ing work, and their final grade should repre
sent the efforts of the teachers and students. 

Grading schools is a difficult process, espe
cially when striving to note a school's perlor
mance on the basis of student test scores. Par
ents are personally connected to their school 
by virtue of their high involvement, alHl their 
understanding of the factors comprising the 
school grade is essential to insure their ex
periences are representative of the publicized 
grade. Indiana principals will continue to meet 
the needs of students and parents as they all 
desire 'N great school. 
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High School: Graduation Rate 
and College and Career Readiness 

To obtain a graduation rate score, a prelimi
nary score is first established by the percent 
of students graduating from high school in 
lour years (Table 9 presents the conversion 
into points). 

One point lllay be added to this score if at 
least 34.4% offour-year graduates receive ac
ademic and/or technical honors or an interna
tional baccalaureate designation, and/or if at 
least 10 students in the graduation cohort fai I 
to graduate in four years but at least 13.2%of 
students in the graduation coholt who fili led 
to graduate in lour ycars do so in fivc ycars 
Cfable 10). One point will be deducted if at 
least 32.8% of four-year graduates receive a 
general diploma or waiver (Tuble 10). This 
resulting figure is the fi nal point score lor the 
graduation rate figure. 

It is noteworthy that until the 2014-15 school 
year the final point score for the graduation 
rate will simply be the preliminary score 
without any addition or subtraction ofpoints. 
The 2014-15 school year will sec the first ad
dition and subtraction of points to create the 
final graduation rate score. 

Finally, the college and career readiness score 
starts with the gradnation CohOl1 (exclusive 
of students who did not graduate in four 
years or less) and establishes a cumulative 
perceut based on the percentage of students 
who passed an AP exam with a 3 or higher, 
passed an iB exam with a 4 or higher, earned 
three college credil~, obtained an industry 
cCI1ification, or met any other bcnchmarks 
approvcd by the SBOE (calculation method 
shown in Table I I). 

That cumulative pcrcent is matched with a 
point score (Table 12). After the four com
ponent point scores are collected, they are 
weighted appropriately and then summed 
(Table 13). The resulting letter grade is the 
final performance and improvement category 
grade (Table 14). 

There are, as with elementary and middle 
school procedures, exceptions to the above 
calculation methods for feeder high schools 
and small high schools; the revised proce
dures are identical to those stipulated for 
leeder elementary and middle schools and 
small elementary and middle schools. 

Lettu Grades for Accolllltability 
Determinations 

The change to letter grades as accountabil
ity categories in the 2010-11 school year 
paved the way lor the substantially revised 
criteria previously discussed. The change to 
a letter grade system itself was born out of a 
similar desire for e1arity in communication. 
A statement of need published by the IOOE 
in January 2010 spoke of the ambiguity of the 
current perlonnance categories, explaining 
that the importance of euch category is lost 
on many Indiana residents. The statement 
further elaboratcd that policymakers valued 
residents' understanding of how thcir schools 
matched up with accountability requirements, 
but that the terms' Academic Watch' or 'Com
mendable Progress' did not sumciently com
municate this. An initial rule change, adopted 
for the 2009-10 school year, made no substan
tive program changes but added a "relabeling 
feature" that synchronized the A-F system 
and the cun'ent progrcss category scheme. 

The 20 I0-11 schoo] year saw the A-F ]a
bels applied exclusively, and introduced a 
new rule change to revise category place
ment criteria. Though many in the academic 
community express relief at a simpler, more 
intuitive accountability system, public com
ments on the mle change question the effi
ciency and effectiveness of the letter grade 
system. In particular, educators are con
cerned with the accuracy of the system, and 
potential effects on motivation of students 
and schools given undesirable grades. Ad
ditionally. many question if the new system 
will actually increase school pcrformance. 
or if it is simply a "reshuffling of the deck.'" 

w* 

mOE SCHOOL GRADE 
PROJECTIONS 

As part of the 100E's application for an 
NCLB waiver, they made general projections 
of how schools would be graded in 2012 as 
well as in 2015 and 2020. As can be seen 
in Table] 5, in 2012 the 100E projects that 
28% of schools will receive a 0 or F with 
47% of schools receiving an A or B. The 
IDOE projects that the number of schools 
receiving a 0 or r- willdccreasc with no 
schools recciving thesc grades in 2020. It is 
notable that the 100E projects over 50% Dr 
schools will receive an A in 20]5 and nearly 
75% of schools will in 2020 (Stokes. 20 II). 
To facilitate understanding about the new 
accountability mcasures and catcgory placc
ments. the [DOE has developed an Excel tool 
and workbook aimed at giving schools and 

districts an idea of where they might place 
undcr the nell' rulc.· The tool leatures sheets 
for both e1cmentary/middle schools and high 
schools, and gives growth and participation 
larget percentages for schools concerned 
with performance. A sample report card. also 
available on the website, shows a mock-up 
of category placements and overall grade 
detcrnlination. The tool, workbook, and 
other documents relating to accountability 
are available at http://w,,vw.doe.in.gov/im
provem ent/accountabi Iity/f-accountabil ity. 

• The online resources are meant to serve 
illustrutivc purposes only. 

Table 15. lODE School Grade 
Distribution Projections 

",'. '.:, '.': 

B .19% 16% 16% 

c <?§%, I',; 16% .1Y(0 .. : 

o 16% '5% ' 0% 

F 12% 5% 0% 

± &&& 

CONCLUSIONS AND 
RECOMMENDATIONS 

Since the creation of the A+ Program in 1987, 
school accountability has often bcen at the 
forefront of education policy discussions and 
regulatory changes in Indiana. The latest dis
cussions emerging after the SBOE approved 
the rule change in February 20 I2 suggest that 
further changes to the school accountability 
mode] will be forthcoming. Our examination 
of the evolution oflndiana's school account
ability efforts over the past few decades pro
vides sevel'al conclusions and recommenda
tions to guide future discussions. 

Conclusion 

Discussions of the new school accountability 
models continue to focus on grading schools 
fairly. Although the new models are an im
provemcnt over the fonner system originally 
established by I'L 221, critics continue to 
question in particular the e]ementary/middle 
school model and the scale score point ad
justments for studcnt gro\~th and whether 
student performance and growth will be ac
curately described by the model. This is a 
healthy discussion that should continue into 
the h.'ture and evolve as the results produced 
by the new system are examined. 

,---- ----~_.~._-----'-----_..---~---~----------------_._,-----
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Recommend" tion 

Both advlKates and critics of the new system 
will closely follow schools' results under 
the new accountability models. but attention 
shoulu also be paid to the scaled score points 
and how they are adjusted throughout the 
orade calculation to bettcr exam inc how the 
difTerent components of the new models af
fect sc11001s' final grades. The \DOE should 
continue to host periodic forums on thc 
school accountability models to solicit feed
back from the communities which will allow 
further insight into how the new mouels work 
in practice and how school corporations use 
or don't use tile rcsults to improve student 
instruction. 

Reeommcndlltion 

The elementarv and middle school model 
currentlv recoo~lizes growth for the top 75% 
and the' botto~ 25%~ of students. To better 
reflect student growth at all levels, future dis
cussions of changes to the elementary/middle 
school model should also examine growth 
among the top 25% of students to ensure that 
these students are not neglected in school im
provement plans. 

Conclusion 

In order to grade schools fairly and eflee
tively, the models must take into account a 
varietv of factors that indicate student growth 
and ;chievement. It is important that all 
stakeholders (school administrators, faculty, 
stan; and community members) understand 
the reasoning behind their school's gradc 
in order to improve student achievement 
most effectively. As such, grade calculations 
should be disseminated and explained in a 
concise, user-friendly, and informative way. 
The IOOE has made available sample school 
report cards on its website. The report cards 
boldly present a school's grade and explain 
how the grade was detell11ined in a mixed vi
sual and tcxtnal display, with the first page 
providing a summary and the following pag
es providing a more detailed explanation. 

Recommendation 

School corporations and the IDOE should 
work together to ensure that school grades are 
wideIv distributed within local eommlillifies. 
In addition to making the report cards avail
able online, the accountability grades should 
be included in the school annual peli0I111anCe 
reports published in the local newspapers 
of school corporations. Local school boards 
should also be required to have discussions 
of their schools' accountability reports and 
grades within GO days of the mOE's release 
of the information. Extra effort will need to 
be made until the public understands how the 
grades are calculateu and where to finu them. 

Recomlllcndation 

The presentation of school grades ,1I1U their 
explanations needs to be clear. concise. user
friendlv. and informative. The mOE should 
follow' up with school corporations on ho\\ 
they publicized their school grades locally. 
how the report card 101111at was received. 
and whether it vvas easi Iy unuerstood by 
their eOl1lmunities. School auministrators 
also need to cOl1lnllmicate to the IOOE any 
problems their communities have in under
standing the report cards. If the public does 
not understand the report cards, then it is a 
wasted eflol1 and a missed opportunity to 
reach out to school communities about the 
pertonnance ol'their schools. 

Conclusion 

Although the incentives tied to the state's 
school accountability system have been dis
continued, the system of consequences has 
more recentlv been at the forefront of discus
sion, particularly with the implementation of 
sixth-year consequences and the SBOE as
signing lead partners or educational manage
ment organizations (EMOs) to manage fail
ing schools. Turnaround schools managed by 
EMOs and lead partners present another set 
of issues related to school accountability will 
prove to be important to the successful turn
around of the state's failing schools, and will 
be addressed in a later Education Policy Brief. 
Perhaps the biggest concern, given their rela
tive unfamiliarity to the public, is the public 
trust in EMOs to manage and tumaround lo
cal public schools. Other issues which will 
need to be addressed concern upkeep offacil
ities at turnaround schools and transportation 
of students. two areas which have already 
caused friction in Gary and Indianapolis. 

Recommendation 

The 100E and EMOs need to work to build 
public trust in tbese organizations to manage 
and improve local public schools. Any poten
tial distl1Jst of EMOs by parents could lead to 
them being understandably concemed about 
leaving their child in an "F" school. The 100E 
and SBOE will need to continue to carefully 
monitor the tumarolll1l1 schools and work 
with the EMOs to solve problems that arise. 
EMOs should also make an eflort to build 
relationships within their new communities 
for the success of the school and its students. 

Recommendation 

Since EMOs are fl)l--profit organizations and 
are allowed to profit [i'om their management 
of tumaround schools in Indiana, there will 
be the concel11 fi'om many in the local com
munities that these organizations may seek to 
pl'Otit at the expense of the students and the 
school tacilities. The !DOE should maintain 

close oversil!.ht of [fvIO school budgets to 
ensure slllde~lts and school I~leilities receivc 
auequate and equitable funding. 

Recollllllendation 

Turnaround schools arc finding themselves in 
a similar situation as charter schools in terms 
of tlleir access to capital funds to maintain 
I~lcilities. The IDOE needs to advocate for 
solutions which will put tumaround schools 
on an equal footing with local school cor
porations in access to Capital Project Fund 
monies. One possible solution would be for 
the IOOE to advocate lor turnaround schools 
to either have access to the state's charIer 
school facilities fund or to have a similar 
tlmd established and tlll1ded by the state to 
serve tUll1around sch.ools. 

Recommendation 

Recent issues in Indianapolis regarding stu
dent transportation to tUll1around schools 
brings to light the need for EMOs to have 
flexibility in transporting their students. 
While the memorandums of understanding 
between school corporations and tumaround 
schools require school corporations to pro
vide transportation, many school corpora
tions will not provide bus transportation if 
students live within a certain distance and 
have safe walking routes. However, EMOs 
should have the flexibility to provide other 
transport options or be able to negotiate other 
arrangements with local school corporations. 
All parties involved need to ensure that ev
ery student has a safe, reliable way to get to 
school and that they alTive on time. 

Conclusion 

The end goal of any school accountability 
system is seeking overall school improve
ment and helping improve stmggling schools. 
As SUCh, the system of incentives and conse
quences is inherently important. However, as 
it cUITently stands, Indiana's school account
ability system only bears consequences since 
funding for perfol111ance-based awards was 
never allocated by the Ind iana General Assem
bly or has been discontinued in recent years. 

Recommenda"tion 

The 100E shoulu advocate for re-instat
ing funding for the incentives included 
in the original I'L 221 which would re
ward schools for significant gains in stu
dent improvement or advocate for re
placing these unfunded incentives with 
another lorm of incentive. The state's use 
of merit-based pay provides an opportunity 
to further reward teachers and stall' that fa
cilitate lal'ge gains in student improvement. 
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