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Abstract 

Under the Elementary and Secondary Education Act (ESEA) waivers, and now under 

the Every Student Succeeds Act (ESSA), states have the opportunity to incorporate 

elements other than proficiency into their accountability systems. With this 

flexibility, many states have turned to, or are exploring, the use of growth in their 

accountability system. Using three years of data from the Minnesota Comprehensive 

Assessments (MCAs), five growth models which have been used in state 

accountability systems were explored: transition matrix, trajectory, projection, 

student growth percentiles, and hierarchical linear models. The relationship between 

the rank order and school demographics, school size, and school type in each of these 

models was explored in order to determine which model appeared the least biased. 

Both the transition matrix and hierarchical linear model appeared to be relatively 

unbiased, as implemented in this study, but the hierarchical linear model produced 

results more similar to the other three models explored.  
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Introduction 

 School accountability has become more of a focus from both a political and 

societal perspective in the 21
st
 century. Inherent in the attention given to school 

accountability is the desire to measure school effectiveness (Betebenner, 2009). Under 

the 2001 reauthorization of the Elementary and Secondary Education Act (ESEA), better 

known as No Child Left Behind (NCLB; No Child Left Behind Act of 2001), school 

effectiveness seemed to be considered equivalent to the percentage of students at a school 

who were testing as proficient on academic standards in a given year (Betebenner, 2009; 

Yen, 2007). 

 However, knowing whether students are proficient at a specific point in time is 

not considered adequate to provide a complete picture of how well schools are 

performing (Zvoch & Stevens, 2006; Seltzer, Choi, & Thum, 2003; Goldschmidt et al., 

2005; US Department of Education, Office of Planning, Evaluation and Policy 

Development, Policy and Program Studies Service, 2011). While assessing whether a 

school is getting students to meet academic standards (being proficient) is logical to 

include in a school accountability system, it also makes sense to include a measure of 

whether schools are making progress towards meeting those standards. Growth models 

are the models which are included in educational accountability systems meant to 

determine if, over time, students are making progress (Blank, 2010). While it is widely 

agreed that students’ making progress, or growth, throughout their education is important, 

opinions on how to measure student growth, and on which fundamental questions are 

important to answer using growth models, have been more varied. 
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 In general, growth models have been designed to assess three types of questions. 

These questions are 1) whether students are making progress such that, at a future point 

in time, they will be proficient; 2) whether students are making a year’s worth of progress 

in the year; and 3) what effect a teacher, school, or program has had on students’ 

progress. 

Educational Assumptions 

 The purpose and intended uses of the growth model are vital in selecting the most 

appropriate model. A growth model may be selected based on the information it can 

provide for specific stakeholder groups or for the types of questions for which the growth 

model provides answers (Blank, 2010). The types of questions related to growth which 

are important in education are often inadequately answered by the same type of growth 

model. For example, a growth model that is best at determining whether teachers are 

effective is not likely to be the same as the model that best determines whether students 

are learning and performing at appropriate rates and levels (Ehlert, Koedel, Parsons, & 

Podgursky, 2014). 

 Perspectives of stakeholders. 

 Based on phone interviews in one state, Yen (2007) found that the questions of 

most interest regarding student growth are slightly different depending on the stakeholder 

perspective for parents, teachers, and administrators. The questions that were most 

important to answer for each group are as follows: 

 Parents: 

 Did my child make a year’s worth of progress in a year? 
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 Is my child growing appropriately toward meeting state standards? 

 Is my child growing as much in Math as Reading? 

 Did my child grow as much this year as last year? 

Teachers: 

 Did my students make a year’s worth of progress in a year? 

 Did my students grow appropriately toward meeting state standards? 

 How close are my students to becoming Proficient? 

 Are there students with unusually low growth who need special attention? 

Administrators: 

 Did the students in our district/school make a year’s worth of progress in 

all content areas? 

 Are our students growing appropriately toward meeting state standards? 

 Does this school/program show as much growth as that one? 

 Can I measure student growth even for students who do not change 

proficiency categories? 

 Can I pool together results from different grades to draw summary 

conclusions? (Yen, 2007; p. 281) 

As can be seen in the list of questions, each of the stakeholder groups wants to know 

whether students are moving toward meeting the standards, or toward being considered 

proficient, as well as whether the students made a year’s worth of progress within the 

year. For parents, there is more focus on whether their child is doing equally well across 

subjects and time. For teachers, there is more focus on whether students are learning what 
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they need to learn, and if not, whether the growth measure can help them identify 

students who could use extra support. For administrators, the ability to make 

generalizations about their schools’ and districts’ students is important—especially when 

comparing to other schools’ or districts’ results. The main questions that all three of these 

stakeholder groups sought to address the first two questions of whether students are 

making progress to becoming proficient or whether they have made an adequate amount 

of progress in the year. At least in this study, there was far less interest in determining 

whether a teacher, school, or program had an impact on student growth. 

This third purpose of growth models did, however, appear in a survey of chief 

state school officers’ responses concerning the defined purpose of the growth model in 

their state (Blank, 2010). In this study, all 50 states were surveyed. It was found that, of 

the 43 states who responded, 17 states had implemented a growth model by 2010 and 13 

more were developing state growth models. Of the states with defined growth models, 

only 27 reported using the growth model for accountability purposes, whereas 37 

reported that information on school and student achievement was a defined purpose. 

Many states also reported that identifying successful school improvement strategies, 

instructional support, program evaluation, and teacher effectiveness (linked to students) 

were defined purposes of their growth models. 

While all of these purposes were defined for these state growth models, it is 

unclear that all of these purposes were appropriate for the growth models selected. 

Indeed, in the review of growth models provided in Chapter 2, it is clear that for states to 

have accurately reported results for each of these purposes, they may have had to 
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implement multiple growth models. Given this, it is not surprising that communication 

and understanding of stakeholders was reported as the most common problem with state 

growth models (Blank, 2010). This was probably enhanced by the fact that most states 

reported that their growth data was designed to be shared with administrators, teachers, 

parents, and the public. Having only one growth model and reporting system for all 

stakeholders, who have inherently different interests, is difficult to explain and design 

well. However, since this is generally the expectation, it is necessary to choose a model 

that can most easily be communicated to each stakeholder group and that provides 

answers to the questions which are important to each group. 

Statistical Assumptions 

 Along with ensuring the stakeholder needs are addressed by the selected growth 

model, considerations must also be given to the statistical requirements of each growth 

model. Longitudinal invariance is the key statistical assumption when estimating student 

growth in a quantitative manner. For student growth estimates to have any useful 

meaning, it must be assumed that the same underlying construct is being measured by the 

tests across time. In education, this assumption is not often explicitly considered. Because 

state standardized tests used for accountability are meant to test the academic standards in 

mathematics, reading (or language arts), and science, it is a natural conclusion that 

mathematics, reading, and science ability are the underlying constructs being measured 

by the tests. If this conclusion is incorrect, interpretation of the growth estimates can, at 

best, be ambiguous (Meredith, 1993). Unfortunately, it is known that this assumption is 

often incorrect (e.g., de Frias & Dixon, 2005; Motl, Dishman, Birnbaum & Lytle, 2005). 
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Despite the fact that measurement invariance is not statistically verified, many states still 

incorporate student growth models into their accountability or teacher evaluation systems 

under the supposition that there is longitudinal invariance. 

Significance of Study 

 Although student growth measures can be used for many purposes, such as 

research and evaluation, the political climate under NCLB has had states more focused on 

school accountability. With the advent of the ESEA waivers, many states have begun to 

focus on student growth models as a means to evaluate teacher effectiveness. For many 

states, the same growth models currently used for accountability are being repurposed for 

teacher evaluation (e.g., Tennessee Department of Education, 2014; Mississippi 

Department of Education, 2014; Washington Office of Superintendent of Public 

Education, 2012). Given this, determining the relative strengths and weaknesses of the 

growth models used for accountability has even more importance. If some of the growth 

models are unfairly biased against certain student groups, and these models cannot be 

adjusted to account for these biases, teachers may be unfairly evaluated simply due to the 

nature of their students. 

 Whether an accountability system establishes growth targets to determine an 

adequate amount of growth or simply looks at the percentage of students predicted to 

reach proficiency, all student groups are expected to be held to the same standards under 

NCLB (No Child Left Behind Act of 2001), which was not an area where flexibility was 

provided with the ESEA waivers (US Department of Education, 2012). Consequently, 

information regarding student demographics such as race/ethnicity or whether the student 
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is receiving special services cannot be directly incorporated into the growth models used 

for state accountability systems. However, with some of the growth models currently 

implemented in states, it is possible that certain student groups will consistently see lower 

growth. Therefore, schools with more students in those disadvantaged student groups will 

consistently be ranked lower. This is of concern because, under the ESEA waivers, at 

least 5% of schools must be identified as the lowest performing schools in the state and 

be given additional support (US Department of Education, n.d.). An accountability 

system that systematically identifies schools simply based on the students they serve 

should not be implemented, and indeed would not be considered a “fair” system. 

To date, no study has looked at all types of growth models currently used in state 

accountability systems. Additionally, no study has considered the effect of growth 

models on high schools. Typically, high schools are ignored in comparison studies 

because they introduce more complexity in analysis. This is because ESEA requires that 

only one grade be tested for math and language arts/reading in high school (No Child 

Left Behind Act of 2001). With only one year of testing, many states do not have the 

same intervals between years of testing as with elementary and middle schools. 

Additionally, for models that project into or determine whether students will be proficient 

in the future, the one year of high school testing is often selected as the year of interest. 

This has caused some states to exclude growth for accountability purposes in high 

schools (e.g., North Carolina Department of Public Instruction, 2012), while other states 

have addressed this limitation by adopting a slightly altered version of their growth 

model for high schools (e.g., State of New Mexico Public Education Department, 2012). 



 8 

 

In addition to the limitation of applicability and research related to growth models 

at the high school level, research has yet to systematically determine whether student 

demographics or school size have more or less influence on all of the growth models 

currently implemented. While the relationship of school size and student demographics 

has been studied for some types of growth models currently implemented in states 

(Goldschmidt, Choi, & Beaudoin, 2012), and these growth models were found to be 

differentially impacted by school size and student demographics, it is prudent to extend 

this research to all types of growth models currently implemented.  
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Literature Review 

In education, students are expected to learn and retain more information each 

year. Within a given year, there are certain concepts or capabilities that students are 

expected to learn. However, not all students master all of the skill sets expected each 

year. Having a way to measure how much more students have learned compared to a 

previous point in time helps to provide a more holistic look at how a student is 

performing academically. This measure of relative improvement from a previous time 

point is considered to be student growth. 

 Since the Elementary and Secondary Education Act’s (ESEA) reauthorization 

under the name No Child Left Behind (NCLB), student achievement has become a focus 

for assessing school performance. Initially, a school’s performance was only evaluated 

based on how well students showed they had mastered the expected material for a given 

grade. However, it was argued that looking only at how well students had mastered 

material omitted important information regarding the quality of education students were 

receiving (e.g., Fuller, Wright, Gesicki, & Kang, 2007). If a student was already behind 

expectations when first tested, it would require the student to make more than what 

would be considered a year’s worth of growth to show proficiency in the same subject 

area the next year. Therefore, interest grew in including a measure of student growth, 

which allows evaluation of a school based on on how well they help students progress 

academically, into school accountability. 

 Including a measure of change in academic performance (growth) as well as the 

static assessment of meeting standards (whether a student is considered proficient or not 
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at one point in time) tells a different, and arguably more complete, story of how a school 

is performing (Zvoch & Stevens, 2006; Seltzer, Choi, & Thum, 2003; Goldschmidt et al., 

2005; US Department of Education, Office of Planning, Evaluation and Policy 

Development, Policy and Program Studies Service, 2011). Schools that are moving more 

students towards being proficient should be acknowledged for their good work, even if 

the students are not yet proficient. Similarly, students may be maintaining proficiency, 

but are not growing at a rate that will keep them proficient in the future. Because of these 

views, the US Department of Education launched a growth pilot program for determining 

ways to incorporate growth models into school accountability (US Department of 

Education, Office of Planning, Evaluation and Policy Development, Policy and Program 

Studies Service, 2011). More recently, many states have had ESEA waivers approved, 

which include student growth as a part of their school accountability systems. 

School-Level Growth Models 

 Before the pilot growth program and ESEA waivers, student growth was 

considered in two overly simplistic manners: cohort-to-cohort comparisons of percentage 

proficient and grade-to-grade comparisons of percentage proficient. In federal legislation, 

the cohort-to-cohort change in percentage proficient is still the definition of student 

growth (No Child Left Behind Act of 2001). This method looks at the percentage of 

students who are proficient in each grade and compares that percentage to the previous 

year’s cohort of students in the same grade. If the percentage proficient is higher than that 

of the previous year, it is considered growth. For grade-to-grade comparisons, the 

percentage of students in each grade who are proficient is compared to the percentage of 
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students in the previous tested grade. For example, grade 4 proficiency rates are 

compared to the previous year’s grade 3 proficiency rates. Again, if there is a relative 

increase in percentage proficient, it is considered to have shown growth. 

An alternative metric by which to measure growth is comparing mean scores from 

year to year. Mean scores give additional information regarding how well the average 

student is performing at a school, but do not give a clear measure of how many students 

are meeting standards. Furthermore, for grade-to-grade comparison, mean score changes 

hold no meaning if the tests are not vertically aligned. 

The cohort-to-cohort measure can be thought of as truly cross-sectional, whereas 

grade-to-grade comparisons can be considered unmatched longitudinal data (Hilton & 

Patrick, 1970). The disadvantage to both of these measures of schoolwide growth is that 

the same students are not assessed on how much they have learned. While the grade-to-

grade method may compare the same students, it is likely that some students have left or 

joined the school between the two testing points. Both cross-sectional and unmatched 

longitudinal data only allow for a measure of schoolwide growth, but do not allow 

directly for student-level growth. 

 Matched longitudinal methods, which use information based on multiple testing 

points for the same children, can give student-level growth measures that can then be 

aggregated for a schoolwide measure of growth. In both unmatched and matched 

longitudinal methods, students who are in their first year of testing (typically grade 3) do 

not usually have a growth score. In contrast to unmatched longitudinal methods, not all 

children who are tested in a current year can be included in a schoolwide measure of 
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growth when using matched longitudinal methods. This may lead to inflated estimates of 

schoolwide growth (Zvoch & Stevens, 2005; Hilton & Patrick, 1970). Other factors such 

as student maturation, prior knowledge, new knowledge gained throughout the year 

outside the school environment, or another important shared event may be responsible for 

the observed change between the two testing points, making interpretation of longitudinal 

growth scores convoluted (Hilton & Patrick, 1970). 

Because school accountability focuses on how every individual student is 

performing, a matched longitudinal method is preferable to unmatched methods. 

However, additional factors must be considered when determining the appropriate 

measure of schoolwide student growth. Which factors are important depend on the goal 

of the growth model and the design of the state assessments. Two common types of goals 

within growth models are to determine whether students are “on track” to become 

proficient in the future or whether students have made a target goal of adequate yearly 

growth. The relative strengths and weaknesses of all growth models discussed below can 

be found in Table 1. 

Growth to Proficiency Models 

 Starting in fiscal year 2006, the federal government allowed some states to 

incorporate student-level growth models into school accountability systems (US 

Department of Education, Office of Planning, Evaluation and Policy Development, 

Policy and Program Studies Service, 2011). The models approved for the pilot required 

all growth models to measure growth to proficiency. That is, the models were required to 

somehow capture how students were progressing toward showing proficiency on the  



 13 

 

Table 1 

Growth model strengths and weaknesses. 

Growth Model Strengths Weaknesses 

Transition Matrix Easy to understand 

Assessments do not need to be 

vertically aligned 

Often does not reward students 

for maintaining proficiency 

Determines only if students are 

improving at a rate which, if 

maintained, should lead to 

proficiency 

Cannot adjust for covariates 

Trajectory Assessments do not need to be 

vertically aligned 

Often does not reward students 

for maintaining proficiency 

Determines only if students are 

improving at a rate which, if 

maintained, should lead to 

proficiency 

Projection Uses statistical evidence to 

predict proficiency at a future 

time 

Can use complicated models that 

are difficult to understand 

Ideally requires more than two 

time points 

Growth z-scores Assessments do not need to be 

vertically aligned 

Measures growth relative to 

similar students 

Somewhat difficult to 

understand 

Growth Percentiles Assessments do not need to be 

vertically aligned 

Relatively easy to understand 

Measures growth relative to 

similar students 

Gain Scores Easy to understand 

 

Assessments need to be 

vertically aligned 

Most basic type of gain scores 

have low reliability 

Residual Gain  Inappropriate for estimating 

student change over time 

Hierarchical 

Linear Models 

Can statistically control for 

school- and district-level 

influences on student growth 

Can account for both fixed and 

random effects 

Assessments need to be 

vertically aligned for most 

models 

Difficult to understand 

Latent Growth 

Models 

Can account for some time-

specific measurement error 

Difficult to understand relative 

to similar regression models 

IRT Growth 

Models 

Can be used across changes in 

tests if some of the same 

questions are used 

Difficult to understand 
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academic standards in a future test year. The growth to proficiency models approved 

during the pilot study or with ESEA waivers can be broken down into three general 

types: Transition Matrix (Delaware, Iowa, Minnesota, Michigan, Illinois), Trajectory 

(Alaska, Arizona, Arkansas, Florida, Missouri, New York, North Carolina), and 

Projection (Colorado, Ohio, Pennsylvania, Tennessee, Texas, Connecticut). 

 Transition matrix. 

 Transition matrix models are the most simplistic model for measuring growth to 

proficiency. In this model, the possible scores on the accountability tests are divided into 

categories. These categories may mimic the four which are federally required—not 

proficient, partially proficient, meeting proficiency, and exceeding proficiency—or they 

may be split into more categories. Student growth is then demonstrated by moving from a 

lower category to a higher category. Both Iowa and Delaware chose to split the scores 

into five or more categories for the pilot program (Iowa Department of Education, 2007; 

Delaware Department of Education, 2006; US Department of Education, Office of 

Planning, Evaluation and Policy Development, Policy and Program Studies Service, 

2011). Later, Minnesota (Minnesota Department of Education, 2008), Michigan 

(Michigan Department of Education, 2008), and Illinois (Illinois State Board of 

Education, 2013), were also approved for transition matrix models. 

In Iowa’s model, students are divided into five categories, three considered below 

proficient and two considered above proficient. Students who are proficient in year 2 are 

automatically considered to be “on track,” regardless of whether they have transitioned 

into a lower category (Iowa Department of Education, 2007; US Department of 
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Education, Office of Planning, Evaluation and Policy Development, Policy and Program 

Studies Service, 2011). For students not proficient in year 1, a transition to a higher 

category is considered to be “on track.” The percentage of students categorized as “on 

track” is then used as a schoolwide measure of student growth. 

Delaware took a slightly different approach by assigning points values to each 

category. Students who are proficient in year 2 earn all possible points, which was set at a 

total of 300 (Delaware Department of Education, 2006). For those who were not 

proficient, students who move to higher categories earn partial points, with those moving 

to higher categories earning more points. Those who do not transition to a higher 

category earn no points. The points earned by all students in a school are then averaged in 

order to give a measure of schoolwide growth. 

Some advantages to this method of growth include that while two years of testing 

for each child are needed, a student’s testing does not necessarily have to be in 

consecutive years. Additionally, this method can work with tests that are not vertically 

aligned. However, by categorizing students’ achievement into categories, some growth 

may be masked as students have improved, but not enough to transition to a higher level. 

Another limitation is that school and student demographic effects cannot be directly 

adjusted for in transition models. While neither of the transition matrix methods used in 

the pilot looked at students who maintain proficiency, the points method used in 

Delaware could be altered to give schools credit for keeping students proficient. 

Although this change is logical for ensuring growth of all students, Delaware continues to 



 16 

 

use the method of only assigning points to students who are not proficient under their 

ESEA waiver (Delaware Department of Education, 2012). 

Minnesota’s initial growth plan (Minnesota Department of Education, 2008) did 

award points to students who maintained proficiency, thus including all students in the 

growth model. Unlike Iowa and Delaware’s models, however, students could still earn 

points within the matrix for dropping into a lower category. Additionally, the highest 

category (those students exceeding standards) did not yield the most points for students. 

Overall, this model was not a true measure of students’ improvement from year to year 

and may be why Minnesota adopted a new growth model in subsequent years. Under 

ESEA, Illinois has adopted a similar transition matrix, and although students can earn 

points for dropping categories, points do increase as students move up across all 

categories (Illinois State Board of Education, 2013). 

Michigan’s growth model divides students into a 12x12 matrix (Michigan 

Department of Education, 2008) and continues to use this method under ESEA (Michigan 

Department of Education, 2013). As with Iowa, students who are “on track” to be 

proficient within three years, as well as all students who are proficient, are considered in 

the numerator of the percentage of students making adequate growth. However, in 

Michigan, a third category of students who are provisionally proficient (that is, their 

scores are within a confidence interval of proficiency) are also considered in the 

percentage of students “on track.” The use of the confidence interval helps to mitigate the 

issue of students who have shown growth within a category, but not quite enough to 

transition to a higher category. 
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 Trajectory. 

 Trajectory models look at how a student is performing during a baseline year and 

a performance standard sometime in a future year. The difference between where a 

student performs in the baseline year and where they must perform in order to be 

proficient in the selected future year is the growth necessary to be considered “on track.” 

Between the baseline year and the future year, annual growth targets are set for students 

who are on a trajectory to be proficient (US Department of Education, Office of Planning, 

Evaluation and Policy Development, Policy and Program Studies Service, 2011). During 

the pilot study, Alaska, Arizona, Arkansas, Florida, and North Carolina all implemented 

various trajectory models. All of the states but Arkansas used a linear model for setting 

the yearly targets. Missouri and New York were later approved for other trajectory 

models (Missouri Department of Elementary and Secondary Education, 2008; New York 

State Education Department, 2008). 

 Florida chose a relatively simple model. Students who are not proficient are 

expected to become proficient within three years (Florida Department of Education, 

2006). The difference between a score necessary to be considered proficient in three 

years and the first year a student tests as not proficient is calculated and divided by three 

in order to set growth targets. For students who are not proficient after three years, the 

targets are reset. North Carolina is very similar except that students have three years or by 

grade 8, whichever comes first, to reach proficiency (North Carolina Department of 

Public Instruction, 2006). Therefore, some students only have one or two years to make 

up the difference to proficiency in order to meet their target growth scores. 
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 For Alaska, only students who score not proficient for two consecutive years 

have growth targets calculated based on the first year a student was not proficient (Alaska 

Department of Education & Early Development, 2007). For grades 3 through 7, students 

have until grade 8 to become proficient, while grade 8 and 9 students have until grade 10 

to become proficient. The difference between the first year a student was not proficient 

and the score needed to be proficient in grade 8 or 10 is divided by the number of years 

until that student is in the target grade. 

In Arizona, students are limited to three years at most to reach proficiency, in 

addition to the requirement that proficiency be seen by a particular grade (Arizona 

Department of Education, 2006). Predicted scores are calculated by regressing the current 

year’s score on the previous year’s score and demographics from the schools in which the 

students are enrolled. The estimated regression coefficients for the demographics and 

actual previous year’s score are then used as multipliers for their respective variables. A 

95% confidence interval is then calculated around that estimate and the lower bound of 

the interval is used as a growth target. 

Arkansas implemented a non-linear trajectory model because, unlike other states, 

their exams are not scaled to have a linear relationship between one year’s proficiency cut 

score to the next. Because of this, growth targets are reset every year (Arkansas 

Department of Education, 2006). However, these targets are set for those who are below 

proficient to be making sufficient gains to be proficient within three years. Students who 

are already proficient must maintain proficiency to be considered “on track.” As with the 

other trajectory models discussed above, the students who have made sufficient growth as 
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well as those who have maintained proficiency are taken as the numerator of an equation 

to determine the percentage of students making adequate growth to proficiency. 

In New York, each student receives a grade-normed z-score based on their scale 

score for the current year and the previous year (New York State Education Department, 

2008). A difference in z-scores between the two years is considered to be the student’s 

growth. This difference is then multiplied by the number of years a student has until (s)he 

is expected to be proficient (either grade 8 or grade 11). The z-score metric is mapped for 

each grade to find the lowest z-score corresponding with a proficient scale score. If the 

student’s multiplied z-score is greater than the lowest corresponding z-score metric for 

any future grade, the student is considered to be “on track.” 

For all of these trajectory models, the percentage of students making growth 

targets is the schoolwide measure of growth. As with transition matrix models, students 

who are already proficient are often ignored for calculations. However, unlike transition 

matrices, in which it is possible to give credit to those who are keeping students at certain 

levels above proficiency, it is less clear how to incorporate proficient students into 

trajectory models. An advantage of trajectory models is that due to proficiency being 

predicted out to a future year, students need be tested only during their baseline year and 

in some future year to be included in growth calculations; consecutive years of testing are 

not necessary. 

While vertically aligned tests make setting targets straightforward, it is 

unnecessary for these calculations. Alaska does not have vertically aligned tests, but each 

grade is scaled such that the same cut score is used. Thus, although the target growth does 
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not directly measure adequate growth towards a target, the change in scale scores each 

year does allow for showing progress toward proficiency. This approach continues to be 

used in Alaska under their ESEA waiver (Alaska Department of Education & Early 

Development, 2013). Missouri has opted for a similar approach with their tests, which 

have the same cut points across years but are not vertically aligned (Missouri Department 

of Elementary and Secondary Education, 2008; Missouri Department of Education, 

2012). However, more similar to other states, students who are not proficient in a given 

year have up to four years to reach proficiency, and targets are set accordingly. Arkansas 

has neither vertically aligned tests nor similar scaling for each year, but demonstrated the 

ability to apply nonparametric measures in order to estimate whether students are making 

progress towards proficiency. Arkansas currently uses this approach under its ESEA 

waiver (Arkansas Department of Education, 2012), though they plan to expand the 

approach to also include a measure of whether students who are already proficient are 

making growth targets. Although Arizona is the only state to include variables other than 

test scores in their trajectory model, only school-level information was used in this 

model. Instead of school-level information, student-level variables may be more 

appropriate to include in the regression model. 

 Projection. 

 Projection models use current and past test scores to predict scores several years 

ahead, based on statistical models of students with similar patterns of scores (US 

Department of Education, Office of Planning, Evaluation and Policy Development, 

Policy and Program Studies Service, 2011). Multiple regression methods are used on a 
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reference cohort using their prior scores as well as actual outcomes to create a model to 

predict how younger cohorts will perform in the future. If the model predicts a student 

will have a score above the proficiency cut point, the student is considered to be “on 

track” to proficiency. In the initial growth pilot, Ohio and Tennessee used such methods 

(Ohio Department of Education, 2006; Tennessee Department of Education, 2006; US 

Department of Education, Office of Planning, Evaluation and Policy Development, 

Policy and Program Studies Service, 2011). Colorado (Colorado Department of 

Education, 2008), Pennsylvania (Pennsylvania Department of Education, 2008), and 

Texas (Texas Education Agency, 2009) were later approved to use their projection 

models (O’Malley, Murphy, McClarty, Murphy, & McBride, 2011). Under ESEA 

flexibility, Connecticut and North Carolina are also allowed to use a projection model 

under their ESEA waivers (Connecticut State Department of Education, 2011; North 

Carolina Department of Public Instruction, 2012). 

 In Ohio, the growth model used is the Education Value Added Assessment 

(EVAAS) Projection Methodology suggested by Wright, Sanders, and Rivers (2006; 

Ohio Department of Education, 2006). For the determination of proficiency at a future 

point in time required by this methodology, students have three years to become 

proficient, or until the year after the last grade offered by the school in which they are 

enrolled. That is, if a school serves through grade 6 only, the students have up to three 

years to be predicted to be proficient, or until grade 7. The regression model includes at 

least three years of past performance and up to five years of test data using scale scores. 

Additional covariates are included for the school in which a student is currently enrolled 
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as well as the next school in which a student is likely to enroll. However, no adjustments 

for any demographic data are allowed in the calculations. The regression coefficients for 

the reference cohort are then used for the next youngest cohort. Once a student has a 

predicted score, two standard errors are added to the predicted score to try to reduce 

misclassification of students as not “on track.” The growth calculations are recalculated 

each year, so that the most recent comparison cohort is always the reference cohort. 

 Although Tennessee uses the same basic methodology (EVAAS) as Ohio, unlike 

Ohio, Tennessee requires that students be predicted to be proficient by grade 9 

(Tennessee Department of Education, 2006). However, if a student is predicted to be 

proficient within three years, a student is also considered “on track” to be proficient, even 

if the grade 9 proficiency expectation is that the student will not be proficient. For 

Tennessee’s yearly calculations, the cohort that most recently completed grade 8 is used 

as the reference cohort. 

 Pennsylvania and North Carolina both use the EVAAS methodology under their 

ESEA waivers also (Pennsylvania Department of Education, 2008; North Carolina 

Department of Public Instruction, 2012). However, in Pennsylvania, only up to three 

years of data are used to determine whether a student is “on track” to proficiency in grade 

11. In North Carolina, as with Tennessee, proficiency is expected by grade 8. 

 Colorado incorporates two steps into their growth model (Colorado Department of 

Education, 2008). The first, student growth percentiles (SGPs), are discussed below, as 

many states use SGPs simply for measuring student growth. Colorado, however, takes the 

SGPs and every year updates a linear model that predicts whether a student will be 
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proficient in three years or by grade 10, whichever comes first. This includes determining 

whether students are “on track” to maintain proficiency within the allotted timeframe. 

 In Texas, a similar multi-level regression to EVAAS was initially used (Texas 

Education Agency, 2009). However, unlike other states, students’ projected proficiency is 

determined for several specific grades. For grades 3 and 4, proficiency is projected at 

grade 5. For grades 5 through 7, proficiency is projected at grade 8. For grades 8 through 

10, proficiency is projected at grade 11. Each year, new proficiency equations are 

calculated and applied based on the most recent cohort of students. Texas now 

implements a model more similar to a gain score (Texas Education Agency, n.d.). 

 Connecticut examined the possibility of using a growth curve model or a 

regression model to predict proficiency (Connecticut State Department of Education, 

2011). This was possible due to the vertical scaling of all state assessments. While the 

growth curve models outperformed the regression models, the margin was small and the 

need for four or more data points severely limited the usefulness of such a model. The 

regression models used appeared relatively stable regardless of the number of predictor 

scores available, and were thus preferred. These regression models were then used to 

determine necessary gain scores for achieving proficiency or maintaining proficiency for 

grades 4 through 8. 

There are two advantages to prediction models over most of the transition matrix 

and trajectory models: students can have missing test data for some grades or subject 

areas and students who score proficient in a given year can still be used in calculations 

for predicting their proficiency in subsequent years. In all projection models, the 
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percentage of students who are “on track” to proficiency, or maintaining proficiency is 

the schoolwide measure of growth. As with other measures approved for federal 

accountability, a possible improvement to these growth models would be to allow student 

demographics as covariates within the models. However, when Connecticut examined 

this possibility, it was not found to appreciably improve either a regression or growth 

model (Connecticut State Department of Education, 2011). 

Adequate Yearly Growth Models 

Since the initial pilot program, some states have been approved to include 

adequate yearly growth measures into their school accountability systems. These models 

differ from growth to proficiency models in that growth targets are set for students that 

align to expected growth, but students may not necessarily be “on track” to reach 

proficiency. While not all suggested adequate yearly growth models have been used in 

school accountability systems, in the literature on student growth, several types of models 

have been suggested: growth z-scores, growth percentiles, gain scores, residual gain, 

hierarchical linear models, and latent growth models. 

Growth z-scores. 

For states that do not have vertically aligned tests, it is unclear how to determine 

whether a student has made the equivalent of a year’s worth of growth. There are a 

variety of different methods for using growth z-scores to determine student growth 

(Minnesota Department of Education, 2012a; Minnesota Department of Education, 

2013a; New York State Education Department, 2008). 
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In Minnesota, students are given growth targets based upon a cohort of students 

who performed similarly on the previous year’s test (Minnesota Department of 

Education, 2013a). For each group of students who scored similarly on the previous 

year’s test, the growth target is set to the average scale score for the current year’s test. 

This average may be determined based on the first cohort or by examining multiple 

cohorts. The average can be either the mean or median scale score for the group of 

students. Given the statistics for the group of which each student is a member, a z-score is 

calculated. These individual student z-scores can then be averaged across all students to 

provide a schoolwide measure of growth. 

Limitations to this model are that students have to have been tested on the same 

test for two consecutive years. If the students were not tested in a prior year, or switched 

to a different test, such as switching to a test that allows for accommodations, a growth z-

score cannot be calculated. While federal law does not allow different growth targets to 

be set dependent on student characteristics, a more accurate group of “similar students” 

may be created by controlling for race/ethnicity, whether the student receives 

free/reduced priced lunch, whether the student receives special education services, or 

whether the student is limited English proficient. 

This type of model was originally used in Minnesota to determine whether 

students were “on track” to proficiency (Minnesota Department of Education, 2013a). 

This was done by categorizing students into those with high, medium, or low growth. 

Students with a z-score of less than -0.5 were considered to have made low growth, those 

with a z-score between -0.5 and 0.5 to have made medium growth, and those with a z-
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score of higher than 0.5 to have made high growth. If a student was proficient on the 

previous year’s test and made medium or high growth, the student was considered to be 

“on track” to maintain proficiency. If a student was not proficient on the previous year’s 

test and made high growth, the student was considered “on track” to be proficient. 

However, since the level of growth made by a student is relative to a similar peer group, 

there is no guarantee, no matter what level of growth the student is making, that (s)he will 

remain or become proficient. Therefore, this cannot reasonably be considered a growth to 

proficiency model. Nonetheless, a measure of the percentage of students who are “on 

track” could be used as a means to give a schoolwide growth measure. 

Although New York took their method of comparing the difference in z-scores 

across two years and applied a trajectory model to determine whether a student was “on 

track” to proficiency, a simple average z-score difference for each school could be used 

as a measure of average school growth (New York State Education Department, 2008). 

This method could then be considered a combination of a growth z-score and a gain 

score. Initially, New York also suggested changing the z-scores to be centered on the 

scale score required for proficiency, rather than the average scale score, in order to 

increase interpretability of their z-score methodology. However, with the ESEA waiver 

process, the state opted to transition to a growth percentile, indicating difficulty gaining 

stakeholder support for this type of growth model (New York State Education 

Department, 2012). 
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Student growth percentiles. 

Many states take a slightly different approach to the growth z-score and instead 

report student growth percentiles (Nevada Department of Education, 2013; Georgia 

Department of Education, 2012; Massachusetts Department of Elementary and  

Secondary Education, 2011; DC Office of the State Superintendent of Education, 2012; 

Hawaii Department of Education, n.d.; Idaho State Department of Education, n.d.; 

Indiana Department of Education, 2012; Kansas State Department of Education, 2012; 

Kentucky Department of Education, 2014; Maine Department of Education, 2012; Rhode 

Island Department of Education, n.d.; West Virginia Department of Education, n.d.; 

Wisconsin Department of Public Instruction, 2010; Utah State Office of Education, 2012; 

Washington Office of Superintendent of Public Education, 2012), with some changing to 

this method after using a growth to proficiency model during the pilot (New York State 

Education Department, 2012; Arizona Department of Education, 2012). The same 

general method is used as with Minnesota’s approach to growth z-scores, except a 

percentile rank is assigned to each student rather than a z-score. Because of the similarity 

in methodology, the same general strengths and weaknesses are found in student growth 

percentiles and growth z-scores. However, unlike with growth z-scores, some states have 

done research to determine at which percentile students should be scoring in order to 

predict future proficiency. Thus, some percentile models are used in a growth to 

proficiency type of model discussed above (Colorado Department of Education, n.d.; 

Colorado Department of Education, 2008; O’Malley et al., 2011). The aggregate measure 

at a schoolwide level can be either the mean or median growth percentile, though the 
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median is recommended (Oregon Department of Education, 2012; Colorado Department 

of Education, n.d.). If subgroups are considered separately but need to be indexed into a 

single estimate of school growth, a multiplier to weight the subgroups appropriately can 

be multiplied by each mean or median score (West Virginia Department of Education, 

n.d.). 

Utah takes the median growth percentile and then applies a transition matrix type 

calculation (Utah State Department of Education, 2012). However, unlike the transition 

matrix methods used in other states, this transition matrix is based on the schoolwide 

median growth ranges. Schools are awarded points depending on which range of 

percentile scores their median student group score falls. 

Gain scores. 

Gain scores can also be thought of as difference scores. The most simplistic gain 

score is found by taking the current year’s test score and subtracting the previous year’s 

test score (Rogosa, Brandt, & Zimowski, 1982). In the case of most states’ tests, the score 

that would need to be used is the scale score. In order for this difference in scale scores to 

have any meaning, however, a vertical scale must be in place. If a student makes at least 

the equivalent of one year’s growth—meaning that the student did not fall or become 

“less” proficient, but may not have made progress toward being proficient, adequate 

growth would be established. Two ways of aggregating this method of growth to a school 

level would then be plausible: average student growth (most likely the mean) and 

percentage of students making adequate growth. With both proposed methods, students 

would be included in calculations regardless of whether they had scored as proficient on 
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either year’s test. The difference would be that with the measure of average student 

growth, it would be clear if, on average, students were making adequate growth rather 

than how many students were making adequate growth. However, simple difference 

scores are known to have low reliability and are thus not often recommended for use 

(Rogosa et al., 1982), especially for a purpose as high-stakes as ranking schools. 

New Mexico proposed a type of difference score for the growth pilot (State of 

New Mexico Public Education Department, 2008), but was denied acceptance in part due 

to the known low reliability of such estimates. While some methods similar to a 

trajectory score were also incorporated, because the target of reaching proficiency by the 

school year 2014 was used rather than by a specific grade or within a certain time frame, 

this model could not be considered growth to proficiency for all students. It was proposed 

that instead of measuring one year’s growth with the gain score, a gap between a 

student’s current year score and their previous year score would be determined only if the 

student was not proficient in the first of the two years. Each student would also have a 

target gain score based upon their first year’s score and what score would be required for 

proficiency in the year 2014. The percentage of students reaching their targeted gain 

score would then be considered “on track.” Under the ESEA waiver, New Mexico was 

approved for a more robust method requiring hierarchical linear modeling, discussed 

below (State of New Mexico Public Education Department, 2012). 

To improve upon the low reliability of difference scores, methods such as 

weighted reliability measure, Lord-McNemar regression estimates, and Bayes growth 

curve estimates have been proposed (Rogosa et al., 1982). These three methods all use 
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between-person information to improve the difference score. The weighted reliability 

measure is known to use a biased measure, but the bias is meant to help offset the lack of 

precision often seen with the simple difference score. The difference between the growth 

estimate for Lord-McNemar regression is similar to the weighted reliability measure for 

most configurations of parameters estimated. However, the statistical properties of the 

Lord-McNemar estimate are not likely to be very good unless the sample size is very 

large and the reliabilities are known. The weighted reliability measure and Lord-

McNemar are both Bayes growth curve estimates under certain restrictive conditions. 

However, with only two waves of data, the population covariance matrix cannot be fitted 

in order to compute an estimate with Bayesian growth curve procedures. In order to 

aggregate student-level estimates of growth to a school level a mean or median of the 

growth estimate for each school would need to be taken, unless a method for determining 

target growth estimates was created. For all variations of gain scores, the mean or median 

gain score can be used to give a schoolwide measure of growth. 

Florida and Texas took a slightly different approach to using gain scores and 

combining them with a transition matrix method under their ESEA waivers (Florida 

Department of Education, 2013; Texas Education Agency, n.d.). In Florida, if a student 

who was not proficient moves into a higher category, the student is considered to be 

making his/her growth target. If a student does not move into a higher category, or was 

already proficient, a change in scale scores—representing one year of growth on the 

vertically aligned tests—is necessary (Florida Department of Education, 2013). In Texas, 

students who had raw scores which were proficient and maintain proficiency are 
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considered to be making adequate growth. Students whose raw scores are possibly due to 

chance are automatically considered not to be making adequate growth. For all other 

students, if the scale score gain score shows an increase in the transition matrix, the 

student is considered to be making adequate growth (Texas Education Agency, n.d.). In 

both models, the percentage of students making adequate growth is the schoolwide 

measure of growth. 

Other Growth Models 

Residual gain. 

Although growth can be modeled using residual gain scores (Oregon Department 

of Education, 2012), they are not ideal for measuring student learning. Although residual 

change scores are designed to be uncorrelated with initial status, which has led to the 

determination that they are a superior measure of teacher influence as opposed to a 

simple difference score (Rogosa et al., 1982), they do not allow for an estimate of the true 

change of an individual student. Therefore, for the purposes of modeling student change 

over time, these types of growth models are not appropriate. 

Hierarchical linear models. 

Hierarchical linear models allow for many possible influences on student growth 

to be controlled for, which is not feasible with some of the previously discussed models. 

This includes the possibility of controlling for classroom, school, or district effects in an 

appropriate statistical manner. Additionally, with cross-classified models, students who 

have attended more than one school can have this information taken into account in 

estimation of student growth (Wright et al., 2006). The EVAAS method, mentioned 
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above in projection models, uses hierarchical linear modeling to improve the estimate of 

a student’s projected score (Wright et al., 2006; Ohio Department of Education, 2006; 

Ohio Department of Education, 2012; Tennessee Department of Education, 2006; North 

Carolina Department of Public Instruction, 2012). While hierarchical models can also be 

used to produce an estimate of growth using only two time points, more time points allow 

for better estimation of student growth (Bryk & Raudenbush, 1987). 

If students are not measured at the same time point, or if they have missing data, 

hierarchical models can still be used. However, if growth curve modeling is desired, the 

assessment data must be measured on a common metric. That is, the tests must be 

vertically aligned. Otherwise, the changes across time will reflect changes in 

measurement rather than in individual student growth (Bryk & Raudenbush, 1987). 

Because many states do not have vertically aligned tests, due to standards which are not 

vertically aligned, use of growth curves is not appropriate. For states with vertically 

aligned tests, a mean projected score for each student can be utilized as a schoolwide 

growth measure. However, the United States Department of Education commended 

Oregon for creating growth targets to determine whether a student has made adequate 

growth, and for determining the percentage of students “on track” rather than taking an 

average of growth scores and determining whether a school was “on track” in their 

growth pilot proposal (Oregon Department of Education, 2006). The percentage of 

students meeting targets was preferred, because students making high growth would not 

mask students making low growth. The pilot proposal was denied due to concerns 
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regarding changes to Oregon’s testing rather than problems with the methods proposed 

for measuring schoolwide growth. 

Although Ohio and North Carolina do use hierarchical models for their 

accountability systems, other states have opted to use them only for teacher evaluation 

purposes. In teacher evaluation, a value-added model is typically used. These models 

look at how much the teacher is contributing to the growth seen in students. While the 

same logic could be used for an accountability system by looking at what the school has 

uniquely contributed to student growth, the complexity of such a system can make 

interpretation of the outcomes difficult. New Mexico does use a value-added model to 

estimate school growth for high schools, as well as for estimating individual student 

growth for elementary and middle schools (State of New Mexico Public Education 

Department, 2012). While neither model includes student demographics, both types of 

models control for school size. The elementary model also includes student grade as a 

covariate so that schools with different grade configurations do not unfairly get “easier” 

or “harder” targets based upon the grades they serve. 

The District of Columbia proposed this type of growth model using another 

statistical term, “mixed model.” If not for concerns regarding the appropriateness of such 

analyses given the scales and standard setting of their tests, this type of model may have 

been accepted (DC Office of the State Superintendent of Education, 2008). The main 

concern was that without vertical alignment, measuring growth by taking a difference in 

scale scores is meaningless. In the proposed model, the probability of being proficient is 

predicted using the previous years’ score and information regarding school the students 
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were enrolled for fixed effects and allowed students to be random effects. The result of 

the logistic regression for each student would then be subjected to Wald Confidence 

Intervals and the resulting logit transformed into probabilities. Using a retrospective 

cohort, each level of school (elementary, middle, high) is determined to have its own 

probability cut point for determining whether a student is “on track.” If the confidence 

interval encompassed the cut point, a student is considered “on track,” and the percentage 

of students “on track” would be the measure of schoolwide growth. The different 

probability cut point for each type of school was determined to be inappropriate for 

accountability purposes, especially given different school configurations. However, if 

such an assumption were not made, mixed methods models such as this could be a 

reasonable growth model to consider for state accountability systems. 

Latent growth models. 

While no states currently use or have proposed to use latent growth models, this 

type of model may be a reasonable alternative for estimating student growth for 

aggregating to a school level. In latent growth models, each student has an estimated 

slope and intercept, as can happen with hierarchical linear modeling and mixed models 

discussed above (Muthen & Khoo, 1998). These individual intercepts and slopes are 

combined using structural equation methods. In order to use this type of method to 

estimate school growth, a separate model would have to be run for each school. Given the 

small size of some schools, it may not be feasible to obtain reliable estimates with this 

type of model. Additionally, when an equation with both slope and intercept is 

determined for each school individually, the method for ranking each school’s growth is 
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not straightforward given the two measures estimated. However, since the slope could be 

considered as the predominant estimate to use for measuring growth, the intercept 

estimate could be ignored, and only the slope used to rank school growth. 

IRT growth models. 

Recently, there has been more interest in using item response theory (IRT) to help 

estimate student growth (Grimm, Kuhl, & Zhang, 2013; McArdle, Grimm, Hamagami, & 

Bowles, 2009). This methodology can be particularly useful when the scales of 

measurement change over time, as long as there are common or anchored items across 

the scales (McArdle et al., 2009). In education, this strength could be particularly useful, 

as new tests must be created when new standards are adopted. However, it is unlikely that 

the entire item pool which had been generated for the previous standards would no longer 

be viable with the new standards. This would allow for growth to be calculated even 

when the tests change. No states currently use IRT methods to estimate student growth 

directly. However, it is common to use IRT methods to calculate scale scores, which are 

used in the other growth models discussed above (e.g., Minnesota Department of 

Education, 2014a). 

Comparisons of the Growth Models 

 Few studies have compared the effects of various schoolwide growth models. The 

NCLB growth pilot evaluation used data from one state (North Carolina) to compare the 

number of students considered “on track” for transition matrix, trajectory, and projection 

models (US Department of Education, Office of Planning, Evaluation and Policy 

Development, Policy and Program Studies Service, 2011). It found that projection models 
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are the least likely to classify a student as “on track.” Additionally, the trajectory model 

tends to classify fewer students as “on track” in grades 6 and 7. This is logical, because 

these grades typically have fewer years to reach proficiency and thus have higher targets 

each year in trajectory models. Interestingly, these results, which are based on use of the 

same state’s data to compare methods, are at odds with what is reported empirically. The 

two states using projection models (Ohio and Tennessee) had the highest percentage of 

students classified as “on track.” Possible reasons for this discrepancy are discussed 

below. 

 Goldschmidt, Choi, and Beaudoin (2012) took four states’ data (Delaware, 

Hawaii, North Carolina, and Wisconsin) and compared the four states’ test scores using a 

variety of school-level growth models. The models included in the study were gain 

scores, covariate adjusted regression models with both fixed and random effects, a simple 

panel growth model, EVAAS, and student growth percentiles. While the methods 

selected were based upon those suggested by states that had implemented growth models 

during the initial pilot (Statewide Longitudinal Data Systems Grant Program, 2012), none 

of the five that were recommended were included in analyses. Notably, none of the 

methods examined included a transition matrix or trajectory model, despite states 

utilizing these methods in their state accountability systems. Additionally, because of 

inconsistencies in high school testing across states, only elementary and middle schools 

were examined in this study. A comprehensive comparison of methods would also 

include how to deal with the irregularities of high school testing and should be included 

in future research. 



 37 

 

 The model used, as well as which state the model was used in, was found to 

matter statistically. However, different models did not appear to lead to drastically 

different inferences about schools. Each of the models was only moderately consistent 

over time (comparing two consecutive years) and some models were highly influenced by 

the demographics of the students within a school, as well as the size of the school 

(Goldschmidt et al., 2012). 

 Because of the expectation that student growth be included in teacher evaluation, 

Ehlert et al. (2014) completed a comparison study for the most commonly selected 

growth models used in teacher evaluations: student growth percentiles, one-step value 

added models (similar to hierarchical linear modeling discussed above), and two-step 

value added models. They found that both the student growth percentile and one-step 

value added models were significantly related to the percentage of students receiving 

free/reduced priced lunch, whereas the two-step value added model (which first controls 

for student demographics and allows for differing expectations of growth based on 

student demographics) was not related. 

Other Issues to Consider 

 As the studies comparing school-level growth models across states have found, 

factors that are not related to the method used can affect the results (US Department of 

Education, Office of Planning, Evaluation and Policy Development, Policy and Program 

Studies Service, 2011; Goldschmidt, Choi, Martinez, & Novak 2010). These factors 

include, but are not limited to: how the cut scores for proficiency are determined, the size 

of the school, and the demographic makeup of the school (which racial/ethnic groups, 
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percentage of students receiving free/reduced price lunch, percentage of students 

receiving English learner services, and percentage of students receiving special education 

services). Because cut scores are determined at a state level, some states may choose 

lower levels to represent mastery of material for a student to be considered proficient. 

The initial growth pilot study found that both Ohio and Tennessee had cut scores which 

had a higher percentage of students considered proficient compared to North Carolina 

(US Department of Education, Office of Planning, Evaluation and Policy Development, 

Policy and Program Studies Service, 2011). This difference in percentage of students who 

are proficient across the states could be indicative of higher standards in North Carolina. 

This difference could also be the reason that predictive models, when looking across 

models, were the least likely to categorize a student as “on track,” whereas the empirical 

results showed that Ohio and Tennessee had the highest percentages of students 

considered “on track.” 

 The fact that various growth models are affected by the student demographics of a 

school (Goldschmidt et al., 2012) is not surprising, given the known relationships 

between demographics and academic achievement. The extent to which a given growth 

model was found to be related to the demographics of the schools was also associated to 

how correlated the growth model was with achievement information (whether a student 

was proficient or not). 

Further Research Needed 

 Under ESEA flexibility requirements, at least 5% of schools taking Title I funds 

must be labeled as priority (or lowest performing) schools and some schools must be 
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identified as highest performing and labeled as reward schools in a state (US Department 

of Education, n.d.). Given this requirement, a natural solution is to rank schools. Because 

many states have opted to incorporate student growth into their accountability systems, it 

is important to know how the choice of growth model may affect relative school 

rankings. 

The previous studies have begun to compare and contrast these methods for 

determining how the growth model selected affects determination of school 

accountability. However, none have compared all types of growth models currently used 

and proposed methods for this purpose. While one study compared many of these types 

of models (Goldschmidt et al., 2012), the study was limited by exploring the effect of 

growth models only on elementary and middle schools. Additionally, not all types of 

growth models currently in use were included in the study. 

If it is found that different growth models can significantly change where a school 

is ranked, this means that the growth model selected by the state should be carefully 

considered. If a school is ranked very low by one model but very high by another, it is 

important to know the possible reasons for the observed difference in ranks. It may be 

because the growth models are affected differently by the underlying nature of the data or 

because the growth models are really measuring different underlying constructs. In 

addition to determining how the different growth models change relative school rank, 

determining which covariates heavily influence various growth models is important in 

informing a state’s decision regarding the most appropriate growth model. Covariates that 

have previously been found to be influential include school characteristics (size, grade 
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configuration, or location) and student demographics (race/ethnicity, gender, or whether 

the student receives free/reduced priced lunch, English learner services, or special 

education services); these should be examined to determine the stability of growth 

models across differences in school and student populations. Because each state has 

different demographics, different patterns in the spread of various student groups across 

the state, and different school configurations, it would be most appropriate to select a 

growth model that is less affected by the known characteristics of the state. Although 

there is some evidence that regression and projection models are not appreciably 

influenced by student demographics (Connecticut State Department of Education, 2011), 

it is important to explore this possibility for all types of growth models. Additionally, if 

including covariates into a growth model can make models more similar or different in 

school rankings across models, this would be critical to note as federal requirements do 

not allow for differential expectations for student groups. Models that are not heavily 

influenced by student characteristics may then be preferred, as they could be seen as 

“fairer” models. 

Summary 

 Numerous growth measures have been used or proposed for use in assessing a 

school’s impact on student learning. Each of these models has strengths and weaknesses 

concerning its statistical appropriateness and how easily it can be explained to 

stakeholders (Table 1). There are many different types of growth models currently used 

in educational research and for federal accountability purposes that lack research 

regarding their relative strengths and weaknesses. It is important to focus research on 
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these models’ applicability and appropriateness for measuring schoolwide growth before 

considering growth models from other disciplines (e.g., economics). A few studies have 

begun to address the empirical differences between different measures of schoolwide 

student growth, but more research is required that includes all types of methods currently 

used. This research can help inform states with respect to which growth model would be 

most appropriate given their student demographics, school grade compositions, and 

school sizes, in conjunction with how the state intends to implement growth into their 

accountability model. 

Research Questions 

 The current study seeks to address these research needs by answering the 

following questions: 

1) Does implementation of each growth model with demographics 

significantly improve the model? 

2) Are there significant differences in school rank when demographics are included 

in the model? 

3) Does implementation of each growth model controlling for demographics and 

school size significantly improve the model? 

4) Are there significant differences in school rank when demographics and school 

size are included in the model? 

5) Does implementation of each growth model with demographics and school size 

affect elementary, middle, and high schools’ growth estimates differently? 
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6) Does implementation of each growth model with demographics and school size 

affect elementary, middle, and high schools’ rank order differently? 

7) Given the impact of demographics, school size, and school type on school growth 

estimates as well as school rank, which version of each growth model is best? 

8) Are there significant differences in the schools’ rank depending on the growth 

model used? 
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Method 

Sample 

 In order to answer the research questions, the most common Title I accountability 

test in Minnesota, the Minnesota Comprehensive Assessment (MCA), mathematics 

exams were used. These assessments are taken by over 98% of students in Minnesota 

public schools and therefore provide an adequate sample for an exploratory analysis. 

After the adoption of new mathematics standards in 2007, the MCAs were changed to 

align with these standards in 2011 for grades 3 through 8. The 2007 standards were not 

implemented for the high school assessment (grade 11) until 2014. Therefore, the MCA 

series 3 (MCA-III) tests for 2011, 2012, and 2013 were used for grades 3 through 8 for 

this analysis, while the MCA series 2 (MCA-II) tests for students in grade 11 in 2013, as 

well as their grade 7 and 8 tests from 2009 and 2010, were used for these analyses. 

Because none of the previous research has included high schools, it was important to 

select a sample of years that allows for meaningful interpretation of how well the growth 

models work for high schools. The selected data ensured that all students had their 

growth estimated based on comparable scores. 

 Analysis included all students who took the MCA and had a valid score in 2013, 

had been enrolled on October 1 of that school year, and had been enrolled in the school 

they tested in during the accountability window. These requirements were selected in 

order to be consistent with the current statewide accountability’s functional requirements 

(Minnesota Department of Education, 2014b). Students who did not have valid scores or 

did not take the MCA in their previous two years of testing (or previous one year, if the 
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student was in grade 4 in 2013) were removed from the analysis sample. Because 

students in grade 3 had not taken an accountability test at least one year prior, and some 

of the growth models that were explored required at least one year of previous testing, 

only students in grades 4 through 8 and grade 11 in 2013 were included. These criteria 

were implemented in order to ensure the same sample of students was used when 

comparing across growth models. A total of 313,314 students could be included in 

analysis based on these criteria. 

Additionally, since the purpose of this study was to compare how the growth 

models work at a school level, any student attending a school without at least 20 students 

with valid scores in 2013 was not included in the analysis sample. The use of 20 students 

within a school was selected in order to replicate the requirements for the growth domain 

in Minnesota’s current accountability system (Minnesota Department of Education, 

2013a; Minnesota Department of Education, 2014b). Elimination of students who 

attended schools with fewer than 20 students tested resulted in 311,206 students that 

could be included in analyses. 

Finally, because it was important to include all school types (elementary, middle, 

and high school) in the analyses, a selection of one grade to predict whether students will 

be proficient was necessary. In Minnesota, elementary schools typically serve K-5, 

middle schools serve 6-8, and high schools serve 9-12. The selection of grade 5, grade 8, 

or grade 11 allowed for the inclusion of the last tested grade within each school type. 

Therefore, schools included in this study must have served and tested at least 20 students 

in grade 5, grade 8, and/or grade 11. Since some growth models require information 
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about how students are performing by a specific grade, these criteria ensured that the 

same schools were included for all analyses as well. Because rank order was being 

considered, it was important to include the same schools in all lists to ensure ranks could 

be interpreted the same across models. The additional requirement of students attending 

only schools which served grade 5, 8, and/or 11 reduced the final sample included in this 

study to 302,468 students and 1,401 schools. 

Variables 

The growth models implemented in this study were all calculated using the 

overall scale score, which is based on IRT modeling (Minnesota Department of 

Education, 2014a). All scale scores on the MCA tests are first labeled with the grade test 

a student was taking (e.g., “3” for a grade 3 student), followed by the possible scale 

scores of 1-99. Because Computer Adaptive Testing (CAT) is used for all MCA-III 

mathematics tests, the scale score is the most appropriate result upon which to base 

growth modeling. Only student scale scores were included in the baseline calculations for 

each model. The baseline model represents what is required by ESEA (No Child Left 

Behind Act of 2001), in that different expectations are not set for different student 

groups. 

Since student demographics are known to be highly related to how well students 

perform on standardized tests (Strand, 2014; Demie, 2001; Kalogrides & Loeb, 2013), 

demographic information was controlled for in all further analyses. These demographic 

characteristics included student race/ethnicity (American Indian/Alaskan Native; 

Asian/Pacific Islander; Hispanic; Black, not of Hispanic origin; and White, not of 
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Hispanic origin), whether the student was receiving free/reduced priced lunch (FRP), 

whether the student was receiving special education services (SPED), and whether the 

student was limited English proficient (LEP). For regression type analyses, the referent 

group was white students who were not included in any of the special populations (FRP, 

SPED, or LEP). All student demographic variables were taken from the students’ 

enrollment records reported to the state department of education by the local schools. 

The third model for each growth model also included a consideration of school 

size. These analyses used the total enrollment for each school from 2013 on October 1 

(Minnesota Department of Education, 2013b). The enrollment count was selected over 

the total number of students tested because not all grades within a school are tested. 

Using the total enrollment allowed for a more accurate representation of the relationship 

between school size and student growth. Because inclusion of schools within this study 

was based on the total number of students with valid test scores in 2013, the same fiscal 

year was selected for determination of the relationship of school size to the growth 

scores. The October 1 enrollment count was selected because that is what is reported on 

the Minnesota Department of Education’s website. 

In the final iteration for each growth model, a variable that indicated whether the 

school was an elementary, middle, or high school was also included. The determination 

of whether a school was considered elementary, middle, or high school was the same as 

that used for Minnesota’s current accountability system—Multiple Measurement Rating 

(MMR). School type is selected based on school classifications, whether students 
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graduate from the school, and which grades serve the majority of children within the 

school (Minnesota Department of Education, 2013a). 

Growth Models 

 A collection of growth models previously reviewed was selected for inclusion in 

this study. One of each type of growth to proficiency model was selected (matrix, 

trajectory, and projection). Because growth z-scores use the same underlying procedure 

as student growth percentiles, and student growth percentiles are more commonly used 

across the states, the student growth percentiles model was selected for inclusion in this 

study. Finally, a hierarchical linear model was selected for inclusion in this study. 

A hierarchical linear model was selected over mixed method or latent growth 

models because no states currently use those types of models and they are statistically 

equivalent to a hierarchical linear model. Because gain scores are known to have a 

number of limitations that do not allow for meaningful interpretation (see Chapter 2 

discussion), they were not included in the present study. Additionally, because residual 

gain scores are not appropriate given the intended interpretation and use of the growth 

models for school accountability, they were not included. Finally, because IRT growth 

models must be estimated using individual question responses, whereas the other models 

all use the scale scores estimated from IRT modeling, this type of model was not included 

for analysis. 

 Transition matrix model. 

 A matrix model that assigned points to students as they improve in categories and 

took away points if the students did not improve was implemented using SPSS version 
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22. The matrix of points for which more importance was placed on a change from not 

proficient to proficient (proficiency rewarded) can be seen in Table 2, with category 1 

representing those who performed the worst and category 4 representing those who 

performed the best. Additionally, an equal increase in points awarded for changing from 

not proficient to proficient was tested to determine whether the difference in point value 

affects the schools’ growth estimate and rank. For each school, a mean number of points 

earned was calculated to determine the school’s growth estimate and to rank schools. 

Within this growth model, 2013 was used as the current year, 2012 was used as the 

previous year for grades 4 through 8, and 2010 was used as the previous year for grade 

11. 

Table 2 

Points awarded by category placement for the transition matrix model, with emphasis on 

changing from not proficient to proficient (proficiency rewarded). 

 Current Year Level 

 

 

Previous 

Year Level 

 Category 1 Category 2 Category 3 Category 4 

Category 1 0 50 100 150 

Category 2 -50 0 75 125 

Category 3 -100 -75 0 50 

Category 4 -150 -125 -50 0 

 

 Baseline model. 

For the baseline model, each category aligned with the current achievement levels 

used for reporting MCA scores. These four levels are: does not meet (D), partially meets 

(P), meets (M), and exceeds (E), and are based on the overall scale score (Minnesota 



 49 

 

Department of Education, 2014a). Of these achievement levels, D is the lowest (relating 

to category 1 in the table) and E is the highest (relating to category 4 in the table). 

Demographic model. 

For the demographic model in the transition matrix, implementation of multiple 

models was required to consider all student groups that traditionally perform more 

poorly. Four demographic models were created: students who were limited English 

proficient (LEP) and those who were not; students who were receiving special education 

services (SPED) and those who were not; students who were receiving free/reduced 

priced lunch (FRP) and those who were not; and the race/ethnicity breakdowns of 

American Indian/Alaskan Native (AMI); Asian/Pacific Islander (API); Hispanic (HIS); 

Black, not of Hispanic origin (BLK); and White, not of Hispanic origin (WHT). Because 

four areas of demographics were examined—race/ethnicity, free/reduced priced lunch, 

limited English proficient, and special education—there were 30 possible combinations 

of demographic variables. Because the cell size at the state was so small for some of 

these combinations, it was determined that looking at the relationship of each 

demographic area a student could be classified as under the definition of historically 

underperforming student groups (No Child Left Behind Act of 2001) separately would be 

completed. Within each demographic model, differing scores were selected by grade to 

mimic the observed distribution (Table 3) of students within the four achievement levels 

in each grade in 2013. The score that provided the closest replication of percentage of 

students within the four categories was selected for each grade and student group. In 

general, the scores for the special populations (limited English proficient, special   
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Table 3 

Distribution of observed achievement levels by grade in 2013. 
 Does Not Meet (D) 

% (N) 

Partially Meets (P) 

% (N) 

Meets (M) 

% (N) 

Exceeds (E) 

% (N) 

Grade 4 13.5 (6843) 14.2 (7194) 37.5 (18948) 34.7 (17524) 

Grade 5 13.9 (7224) 23.4 (12161) 41.8 (21739) 21.0 (10904) 

Grade 6 16.6 (8554) 24.1 (12387) 36.6 (18831) 22.8 (11718) 

Grade 7 13.6 (7041) 27.9 (14495) 36.1 (18723) 22.5 (11659) 

Grade 8 14.3 (7340) 23.8 (12202) 34.5 (17699) 27.4 (14058) 

Grade 11 19.6 (8849) 20.9 (9472) 32.8 (14829) 26.7 (12074) 

 

education, and free/reduced priced lunch) were slightly lower than for their counter 

student groups (Table 4). The white students tended to have slightly higher cut scores 

than the other four racial/ethnic groups (Table 5). The overall percentages within each 

category using the cut scores provided in Tables 4 and 5 can be seen in Table 6 and  

Table 4 

Cut scores used for the special population groups: limited English proficient (LEP), 

special education (SPED), and free/reduced priced lunch (FRP). Cut score 1 represents 

the cut score between category 1 and 2; cut score 2 represents the cut score between 

category 2 and 3; cut score 3 represents the cut score between category 3 and 4. 
 Grade 4 Grade 5 Grade 6 Grade 7 Grade 8 Grade 11 

LEP 

    1 

    2 

    3 

 

425 

434 

451 

 

528 

539 

551 

 

627 

636 

647 

 

730 

739 

748 

 

828 

838 

848 

 

1118 

1126 

1140 

Non-LEP 

    1 

    2 

    3 

 

441 

451 

466 

 

540 

550 

563 

 

640 

650 

662 

 

740 

750 

759 

 

840 

850 

860 

 

1138 

1149 

1162 

SPED 

    1 

    2 

    3 

 

421 

432 

454 

 

527 

539 

555 

 

629 

638 

652 

 

730 

740 

751 

 

826 

838 

849 

 

1113 

1126 

1142 

Non-SPED 

    1 

    2 

    3 

 

443 

451 

466 

 

541 

550 

563 

 

641 

650 

662 

 

740 

750 

759 

 

840 

850 

861 

 

1141 

1150 

1162 

FRP 

    1 

    2 

    3 

 

430 

441 

457 

 

533 

543 

556 

 

633 

642 

655 

 

734 

744 

753 

 

833 

843 

854 

 

1128 

1141 

1155 

Non-FRP 

    1 

    2 

    3 

 

447 

455 

469 

 

544 

552 

564 

 

644 

652 

664 

 

743 

752 

761 

 

843 

852 

862 

 

1142 

1152 

1164 



 51 

 

 

Table 5 

Cut scores used for the race/ethnicity groups: American Indian/Alaskan Native (AMI); 

Asian/Pacific Islander (API); Hispanic (HIS); Black, not of Hispanic origin (BLK); and 

White, not of Hispanic origin (WHT). Cut score 1 represents the cut score between 

category 1 and 2; cut score 2 represents the cut score between category 2 and 3; cut 

score 3 represents the cut score between category 3 and 4. 
 Grade 4 Grade 5 Grade 6 Grade 7 Grade 8 Grade 11 

AMI 

    1 

    2 

    3 

 

428 

439 

454 

 

531 

538 

550 

 

631 

641 

653 

 

731 

741 

751 

 

829 

840 

852 

 

1126 

1138 

1152 

API 

    1 

    2 

    3 

 

437 

448 

465 

 

537 

549 

563 

 

637 

648 

663 

 

739 

749 

760 

 

839 

849 

861 

 

1140 

1150 

1164 

HIS 

    1 

    2 

    3 

 

428 

438 

456 

 

531 

542 

555 

 

631 

640 

653 

 

733 

742 

752 

 

831 

841 

852 

 

1128 

1140 

1153 

BLK 

    1 

    2 

    3 

 

426 

436 

454 

 

529 

540 

554 

 

629 

639 

652 

 

731 

741 

752 

 

829 

840 

851 

 

1123 

1135 

1150 

WHT 

    1 

    2 

    3 

 

444 

453 

467 

 

542 

551 

563 

 

642 

651 

662 

 

742 

750 

760 

 

842 

851 

861 

 

1141 

1150 

1162 

 

Table 7. These cut scores were then used for altering the prior year’s score for each grade 

as well. For grade 3, the overall performance of students in grade 4 the prior year was 

utilized to determine cut scores for the achievement levels. The cut scores and observed 

percentage of students’ prior scores can be seen in Table 8. Once the new categories for 

the current and prior year were determined, both the proficiency rewarded and equal 

points awarded models were applied to the data for each of the four demographic models. 

School size model. 

 Pearson correlations of school size and school growth estimate and rank were 

calculated for both the proficiency rewarded and equal points awarded models. These 

correlations were also calculated for each of the demographic models. The correlation  
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Table 6 

Percentages within each category for the special populations demographic models for 

the transition matrix by grade. 
 Grade 4 Grade 5 Grade 6 Grade 7 Grade 8 Grade 11 

LEP 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

13.7 

13.6 

37.6 

35.1 

 

13.5 

26.0 

39.1 

21.3 

 

16.0 

24.9 

35.6 

23.5 

 

14.2 

28.8 

34.4 

22.6 

 

14.1 

25.5 

34.0 

26.4 

 

21.5 

16.7 

35.0 

26.7 

Non-LEP 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

13.1 

15.2 

36.9 

34.8 

 

13.3 

24.3 

42.7 

19.7 

 

16.0 

25.1 

37.3 

21.6 

 

13.6 

29.3 

33.5 

23.7 

 

14.4 

24.5 

32.4 

28.6 

 

19.2 

21.0 

32.9 

26.9 

SPED 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

13.2 

14.7 

38.0 

34.1 

 

13.3 

24.3 

41.2 

21.2 

 

17.0 

22.9 

37.7 

22.4 

 

14.0 

26.0 

37.1 

22.9 

 

13.7 

24.7 

34.1 

27.4 

 

18.3 

23.1 

30.7 

28.0 

Non-SPED 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

13.9 

13.3 

37.8 

35.0 

 

14.0 

23.1 

43.2 

19.7 

 

17.3 

23.3 

37.6 

21.7 

 

13.1 

29.2 

33.9 

23.8 

 

13.5 

24.4 

35.8 

26.2 

 

20.0 

20.9 

30.6 

28.5 

FRP 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

13.4 

15.1 

36.0 

35.6 

 

14.3 

22.6 

41.4 

21.7 

 

16.9 

22.1 

39.5 

21.4 

 

13.7 

29.0 

33.7 

23.6 

 

14.7 

23.6 

35.0 

26.7 

 

19.2 

21.9 

32.9 

26.0 

Non-FRP 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

13.8 

14.4 

37.4 

34.4 

 

14.2 

21.5 

42.6 

21.7 

 

17.0 

22.1 

39.4 

21.5 

 

13.7 

28.6 

35.1 

22.5 

 

14.2 

23.3 

34.1 

28.3 

 

20.3 

21.4 

32.6 

25.7 

 

coefficients were compared using Fisher’s r-z transform for dependent correlations to 

determine whether they were significantly different. If a pair of correlations was found to 

be significantly different, this indicated that school size had a different relationship with 

the average number of points earned using the transition matrix model or the overall 

school rank depending on the cut scores used. 
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Table 7 

Percentages within each category for the race/ethnicity demographic models for the 

transition matrix by grade. 
 Grade 4 Grade 5 Grade 6 Grade 7 Grade 8 Grade 11 

AMI 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

13.1 

15.4 

36.5 

35.1 

 

14.0 

14.3 

38.5 

33.2 

 

16.5 

24.5 

37.2 

21.8 

 

13.3 

28.8 

36.6 

21.3 

 

14.4 

22.9 

36.3 

26.4 

 

19.1 

22.4 

31.1 

27.5 

API 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

13.7 

14.1 

37.2 

35.0 

 

13.4 

24.9 

40.5 

21.2 

 

16.0 

23.9 

38.7 

21.4 

 

13.7 

26.6 

36.9 

22.8 

 

13.8 

24.0 

34.4 

27.7 

 

19.2 

22.1 

33.3 

25.3 

HIS 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

.13.3 

14.6 

38.1 

33.9 

 

13.4 

25.0 

41.8 

19.8 

 

16.4 

23.9 

38.3 

21.4 

 

14.3 

27.4 

34.2 

24.1 

 

13.7 

24.1 

34.4 

27.8 

 

20.2 

21.2 

32.5 

26.1 

BLK 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

13.6 

13.4 

37.3 

35.7 

 

13.8 

22.7 

42.2 

21.3 

 

16.4 

23.1 

36.9 

23.7 

 

14.2 

28.3 

35.6 

21.9 

 

14.2 

24.0 

33.0 

28.9 

 

19.3 

21.5 

31.9 

27.3 

WHT 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

13.4 

15.1 

36.4 

35.1 

 

14.0 

23.3 

41.6 

21.2 

 

16.5 

24.2 

35.9 

23.4 

 

14.6 

25.0 

38.2 

22.2 

 

15.2 

23.5 

33.7 

27.6 

 

20.7 

20.3 

30.4 

28.7 

 

School type model. 

 The school types were recoded into ranks (Elementary = 1, Middle = 2, High = 3) 

and a Spearman correlation was run with the school growth estimate and rank for both 

the proficiency rewarded and equal points awarded models. Correlations were also 

calculated for each of the demographic models. As with school size, the correlation 

coefficients were compared to determine whether they were significantly different or 

whether each of the different models’ school growth and rank were about equally related 

to school type. 
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Table 8 

Observed percentages using the scale scores typically used for the grade 3 results for 

grade 4 students included in this study. Cut scores used to adjust the prior year 

categories for grade 4 for each of the special populations and race/ethnicity categories. 

Cut scores are presented as the highest score included in the category. 
Group Grade 3 % Cut Score Group Grade 3 % Cut Score 

All Student 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

10.6 

13.6 

45.7 

30.7 

 

340 

350 

366 

 

AMI 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

10.3 

14.0 

45.1 

30.6 

 

331 

340 

357 

 

LEP 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

10.6 

13.7 

46.2 

29.5 

 

325 

334 

352 

 

API 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

10.4 

13.4 

44.8 

31.4 

 

334 

345 

364 

 

Non-LEP 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

10.8 

11.7 

47.1 

30.4 

 

342 

350 

366 

 

HIS 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

10.6 

13.2 

44.7 

31.5 

 

330 

339 

356 

 

SPED 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

10.2 

13.7 

46.2 

29.9 

 

323 

334 

357 

BLK 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

10.9 

12.7 

47.2 

29.2 

 

326 

336 

356 

Non-SPED 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

10.9 

11.3 

47.6 

30.2 

 

343 

350 

366 

WHT 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

10.5 

13.4 

45.7 

30.3 

 

345 

352 

367 

FRP 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

10.5 

13.2 

45.4 

31.0 

 

331 

341 

358 

   

Non-FRP 

    Category 1 

    Category 2 

    Category 3 

    Category 4 

 

10.6 

12.3 

45.5 

31.6 

 

347 

353 

368 

   

 

Trajectory model. 

 For students who were not yet proficient, a method similar to Alaska’s trajectory 

model (Alaska Department of Education & Early Development, 2007; Alaska 

Department of Education & Early Development, 2013) was used. For these analyses, it 
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was necessary to ignore the first numeral in the scale score (representing the student’s 

grade). Students were expected to have made up half of the difference in scale scores to 

proficiency between grades 3 and 4, 6 and 7, and 7 and 8, for grades 5, 7, 8, and 11, 

respectively to be considered “on track.” Students were expected to have made up one-

third of the difference in scale scores to proficiency between grades 5 and 6 and by one-

fourth between grades 4 and 5 for grade 8. The percentage of students who are “on 

track,” combined with those who maintained proficiency, was used to rank schools. 

These models for grades 4, 7, 8, and 11 can be generally represented as: 

𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑖 ≥
𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑝𝑟𝑜𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑖

−𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−1𝑖

2
                                    ( 1 ) 

or, for grade 6: 

𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑖 ≥
𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑝𝑟𝑜𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑖

−𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−1𝑖

3
                                          ( 2 ) 

where 𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑖 represents student i’s current scale score, 𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑝𝑟𝑜𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑖
 

represents the scale score student i needed to have been considered proficient in the 

previous year’s test, and 𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−1𝑖
 represents student i’s previous year’s scale 

score. All calculations for the trajectory models were completed using SPSS version 22. 

 Baseline model. 

 In all grades, a scale score ending with 50 is considered proficient on the MCAs 

(Minnesota Department of Education, 2014a). For the baseline model, for each student 

not proficient in the previous year, the difference between their previous year’s scale 

score and 50 was calculated to determine the number of scale score points the student 

would have to increase in order to be considered “on track.” Additionally, students who 

had previously been proficient (meaning they had scored above 50 or received an 
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achievement level of M or E) and who remained proficient were flagged as being “on 

track.” These two counts were combined for a total number of students who were 

meeting growth targets for calculation of percentages at the school level. 

 Demographic model. 

 For the models using demographics, the cut points established in the transition 

matrix model between category 2 and 3 (Table 4 and Table 5) were used to determine 

whether students were making sufficient increases in their scale scores to be considered 

“on track.” As with the transition matrix model, four different demographic models were 

created: LEP and non-LEP, SPED and non-SPED, FRP and non-FRP, and the five 

race/ethnicity categories. The same equations for determining whether students were “on 

track” in the baseline model were used, except that different scale score expectations 

were used to determine the number of scale score points a student had to improve to be 

“on track.” Students who were in categories 3 or 4 in the previous year and who remained 

in categories 3 or 4 were also counted in the “on track” percentage. For grade 11, all 

students in categories 3 or 4 in the current year were used for the “on track” calculation. 

 School size model. 

 Pearson correlations with school size and the percentage of students meeting 

growth targets (or students considered “on track”) and with school rank were calculated. 

These correlations were also calculated for each of the demographic models. Each pair of 

correlation coefficients within the “on track” calculation and rank calculation was 

compared to determine whether they were significantly different. As with the transition 
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matrix, this was completed to determine if each of the models had statistically the same 

relationship with school size. 

 School type model. 

 As with the transition matrix model, the school types were recoded into ranks 

(Elementary = 1, Middle = 2, High = 3). A Spearman correlation was run with the 

percentage of students considered “on track” and rank, as well as for each of the 

demographic models’ “on track” percentages and ranks. The correlation coefficients were 

then compared to determine whether they were significantly different. If there were 

significant differences in the correlations, this indicated that school type had a different 

relationship to the percentage “on track” at a school or the school’s rank, depending on 

the model selected. 

 Projection model. 

 In the projection model, a student’s previous math test records were used to 

predict whether a student will be proficient using logistic regression. For predicting 

proficiency in grade 11, a student’s grade 7 and grade 8 test scores were used (from 2009 

and 2010); for grade 8, a student’s grade 6 and 7 test scores were used (from 2011 and 

2012); and for grade 5, a student’s grade 3 and 4 test scores were used (from 2011 and 

2012). These models can generally be written as: 

𝑌�̂� = 𝛽0𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−1𝑖
+ 𝛽1𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−2𝑖

,                                          ( 3 ) 

where 𝑌�̂� represents whether the student is predicted to be proficient in 2013, 

𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−1𝑖
 is student i’s scale score in 2012 for grades 4 through 8 and in 2010 for 
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grade 11, and 𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−2𝑖
 is student i’s scale score in 2011 for grades 4 through 8 

and in 2009 for grade 11. 

 𝑌�̂� is actually a predicted probability of being proficient in the equation above and 

is converted to a dichotomous indicator of whether the student is predicted to be 

proficient using a cut value. For each model run, the classification tables were examined 

to pick the most appropriate cut values. This was determined by first considering the 

overall percentage of students correctly classified as proficient or not proficient. In 

general, correctly classifying students as proficient was considered more important than 

correctly classifying students as not proficient because the ranking of schools was based 

only on the students predicted to be proficient. Additionally, minimizing false negatives 

was considered more important since schools are ranked on predicted proficiency rates. 

While some students would also be classified as likely to be proficient when they will not 

be (false positives), the potential for penalizing schools for students who would actually 

be proficient was considered worse than the potential to reward schools for students who 

would not actually test as proficient. Schools were ranked by the overall percentage of 

students predicted as likely to be proficient. All calculations for the projection model 

were completed using SPSS version 22. 

 Baseline model. 

Results from the logistic regression for grade 5 were applied to grade 4 using the 

current year’s scale score and the prior year’s (grade 3) scale score to predict whether the 

student was likely to be proficient in grade 5. The same procedure was used for grade 7 

using the grade 8 model. For grade 6, grade 8 students’ proficiency was predicted only 
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using their grade 6 score (no grade 7). For grades 5, 8, and 11, the observed percentages 

of students actually proficient were used, as these were the grades for which the 

projection model was meant to predict whether students would be proficient. This was 

additionally selected as inclusion criteria for these analyses due to the change of tests. 

There were no grade 8 students who had also taken the MCA-III in grade 5 in 2013 in 

order to use grade 5 scores to predict future grade 8 scores. Similarly, because the current 

grade 11 students had not taken the MCA-III, but had taken the MCA-II, a model based 

on the previous test and standards would likely not be an accurate representation of the 

trajectory students were likely to take into grade 11 proficiency on the new tests. Finally, 

grade 11 is the last year students are tested, and therefore future proficiency cannot be 

statistically predicted. The results from the logistic regression models were then turned 

into predicted probabilities of being proficient for grades 4 through 8. To maximize the 

number of students who were correctly identified as likely to be proficient or not, as well 

as minimize the amount of error incorrectly predicting students who would be proficient 

to not be, a cut value of a probability of .49 was found to be ideal for grade 5 and grade 8 

with grade 6 and grade 7 prior scores, and of .50 for grade 8 with only grade 6 prior 

scores models. When determining whether students were likely to be proficient, any 

student with a probability higher than the selected cut value, based on their appropriate 

logistic regression model, was considered “on track” to proficiency for the projection 

growth model. Similarly, students who were proficient in grades 5, 8, and 11 were 

considered “on track.” The total percentage of students “on track” for a school was used 



 60 

 

to rank the schools. All calculations for the projection models were completed using 

SPSS version 22. 

Demographic model. 

For the demographic model, dichotomous variables indicating whether a student 

was limited English proficient (LEP), receiving special education services (SPED), or 

receiving free/reduced priced lunch (FRP) were added to the baseline models. 

Additionally, the race/ethnicity data were recoded into four dummy-coded variables of 

American Indian/Alaskan Native (AMI); Asian/Pacific Islander (API); Hispanic (HIS); 

and Black, not of Hispanic origin (BLK); leaving White, not of Hispanic origin as the 

reference group. In general, these models can be written as: 

𝑌�̂� = 𝛽0𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−1𝑖
+ 𝛽1𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−2𝑖

+ 𝛽3𝐿𝐸𝑃𝑖 +  𝛽4𝑆𝑃𝐸𝐷𝑖 + 𝛽5𝐹𝑅𝑃𝑖 +

𝛽6𝐴𝑀𝐼𝑖 + 𝛽7𝐴𝑃𝐼𝑖 + 𝛽8𝐻𝐼𝑆𝑖 + 𝛽9𝐵𝐿𝐾𝑖.                                                            ( 4 ) 

Interactions of demographic effects were also explored to determine whether they 

statistically improved the model. Interactions were found to significantly improve the 

model for both grade 8 models. An examination of classification tables found that the 

most appropriate cut value was .49 for all three models. 

 School size model. 

 The projection model which considered school size added the school size  as an 

observed covariate for each student to the demographic models. In general, these models 

can be written as:  

𝑌�̂� = 𝛽0𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−1𝑖
+ 𝛽1𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−2𝑖

+ 𝛽3𝐿𝐸𝑃𝑖 +  𝛽4𝑆𝑃𝐸𝐷𝑖 + 𝛽5𝐹𝑅𝑃𝑖 +

𝛽6𝐴𝑀𝐼𝑖 + 𝛽7𝐴𝑃𝐼𝑖 + 𝛽8𝐻𝐼𝑆𝑖 + 𝛽9𝐵𝐿𝐾𝑖 + 𝛽10𝑆𝑐ℎ𝑜𝑜𝑙 𝑆𝑖𝑧𝑒𝑖.                      ( 5 ) 
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The interactions for the grade 8 models were included in the school size model for grade 

8. Cut values of .49 for the grade 5 model, .50 for the grade 8 model with grade 6 and 7 

prior scores, and .48 for the grade 8 model with only grade 6 prior scores were found to 

provide the best classification of students as predicted to be proficient. 

 School type model. 

 To determine whether school type influences prediction of a student to be 

proficient above and beyond student demographics and school size, a model which also 

added the two dummy-coded variables for school type of middle (MID) and high (HIGH) 

school, using elementary schools as the referent group. Because not all schools have the 

same grade configuration, these dichotomous variables do provide a meaningful 

comparison. Schools that serve both grades 5 and 8 can be considered elementary, 

middle, and high schools within the current accountability system in Minnesota. In 

general, these models can be written as: 

𝑌�̂� = 𝛽0𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−1𝑖
+ 𝛽1𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−2𝑖

+ 𝛽3𝐿𝐸𝑃𝑖 +  𝛽4𝑆𝑃𝐸𝐷𝑖 + 𝛽5𝐹𝑅𝑃𝑖 +

𝛽6𝐴𝑀𝐼𝑖 + 𝛽7𝐴𝑃𝐼𝑖 + 𝛽8𝐻𝐼𝑆𝑖 + 𝛽9𝐵𝐿𝐾𝑖 + 𝛽10𝑆𝑐ℎ𝑜𝑜𝑙 𝑆𝑖𝑧𝑒𝑖 + 𝛽11𝑀𝐼𝐷𝑖 + 𝛽12𝐻𝐼𝐺𝐻𝑖.   ( 6 ) 

As with the school size model, the grade 8 models included the interaction effects 

included in the final demographic model. The models that incorporated school type were 

found to have the best classification of students as proficient or not using cut values of 

.48, .50, and .49 for grade 5, grade 8 with grade 6 and grade 7 prior scores, and grade 8 

with only grade 6 prior scores, respectively. 
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 Student growth percentiles model. 

 Each student received a student growth percentile through examination of how 

they performed on the MCA mathematics assessment compared to students who scored 

similarly on the previous years’ MCA mathematics assessment. Students with similar 

scores in the previous year(s) were grouped together to create a percentile based on the 

observed distribution of scores in the current year. For grade 11, grade 7 and 8 scores 

were used; for grade 4, grade 3 scores were used; and for grades 5 through 8, the previous 

two years’ grade scores were used to determine student growth percentiles. All 

calculations of the student growth percentiles were calculated using the R package 

(Betebenner, Iwaarden, Domingue, & Shang, 2014). Both mean and median student 

growth percentiles were calculated and used to rank schools. Other analyses related to 

correlations and comparison of ranks were completed using SPSS version 22. 

 Baseline model. 

 In the baseline model, students’ percentiles were based only on the prior years’ 

scores and were calculated by: 

𝑆𝐺𝑃𝑖 = Pr(𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑐ℎ𝑖𝑒𝑣𝑒𝑚𝑒𝑛𝑡|𝑃𝑟𝑖𝑜𝑟 𝐴𝑐ℎ𝑖𝑒𝑣𝑒𝑚𝑒𝑛𝑡) ∗ 100,                      ( 7 ) 

where 𝑆𝐺𝑃𝑖 represents student i’s growth percentile in 2013. The calculation of the 

current growth percentile is based on estimating the conditional density associated with 

student i’s 𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−1𝑖
 𝑎𝑛𝑑 𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑡−2𝑖

, representing student i’s previous test 

score results (prior achievement). 
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 Demographic model. 

 As with the transition matrix model and trajectory model, four different 

demographic models were calculated: limited English proficient (LEP), special education 

(SPED), free/reduced priced lunch (FRP), and race/ethnicity. The equations used to 

calculate individual student growth percentiles within each model were: 

𝑆𝐺𝑃𝑖 = Pr(𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑐ℎ𝑖𝑒𝑣𝑒𝑚𝑒𝑛𝑡|𝑃𝑟𝑖𝑜𝑟 𝐴𝑐ℎ𝑖𝑒𝑣𝑒𝑚𝑒𝑛𝑡 ∩ 𝐿𝐸𝑃) ∗ 100,          ( 8 ) 

𝑆𝐺𝑃𝑖 = Pr(𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑐ℎ𝑖𝑒𝑣𝑒𝑚𝑒𝑛𝑡|𝑃𝑟𝑖𝑜𝑟 𝐴𝑐ℎ𝑖𝑒𝑣𝑒𝑚𝑒𝑛𝑡 ∩ 𝑆𝑃𝐸𝐷) ∗ 100,       ( 9 ) 

𝑆𝐺𝑃𝑖 = Pr(𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑐ℎ𝑖𝑒𝑣𝑒𝑚𝑒𝑛𝑡|𝑃𝑟𝑖𝑜𝑟 𝐴𝑐ℎ𝑖𝑒𝑣𝑒𝑚𝑒𝑛𝑡 ∩ 𝐹𝑅𝑃) ∗ 100,        ( 10 ) 

𝑆𝐺𝑃𝑖 = Pr(𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑐ℎ𝑖𝑒𝑣𝑒𝑚𝑒𝑛𝑡|𝑃𝑟𝑖𝑜𝑟 𝐴𝑐ℎ𝑖𝑒𝑣𝑒𝑚𝑒𝑛𝑡 ∩ 𝐸𝑡ℎ𝑛𝑖𝑐𝑖𝑡𝑦) ∗ 100.         ( 11 ) 

 Like the baseline model, a mean and median student growth percentile was 

calculated for each of these demographic models. This allowed for comparisons 

regarding whether conditioning on student characteristics led to different mean or median 

growth percentiles for the schools and their overall ranks. 

 School size model. 

 Pearson correlations of school size and school estimated growth and rank were 

calculated for both the mean and median student growth percentile models. Correlations 

between mean and median growth estimates and school size were also calculated for each 

of the demographic models. The correlation coefficients were compared using Fisher’s r-

z transform for dependent correlations to determine whether they were significantly 

different. As with the transition matrix model and the trajectory models, this was used to 

determine whether different models had statistically different observed relationships with 

school growth and school rank. 
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 School type model. 

 As with the transition and trajectory models, school types were recoded into ranks 

(Elementary = 1, Middle = 2, High = 3). A Spearman correlation was run with the school 

growth estimate and rank for both the mean and median student growth percentiles 

models. Correlations were also calculated for each of the demographic models and the 

correlation coefficients were compared to determine whether they were significantly 

different.  

 Hierarchical linear model. 

 In the hierarchical linear model, a two-level model with students nested within 

school was used. As with the projection model, models were created predicting scale 

scores in grade 5 and grade 8. For grade 8, two models were calculated, one using both 

grade 6 and 7 prior test scores and one using only grade 6 prior scores. The grade 5 

model and school estimates of effects were applied to the grade 4 students. The grade 8 

model using only grade 6 prior test scores and school estimates were used on students in 

grade 6 in 2013. The grade 8 model using both grade 6 and 7 prior test scores and school 

estimates were used on students in grade 7. Using the school and student level effects, 

predicted proficiency was calculated for students in grades 4, 6, and 7. Students who 

were predicted to be proficient were combined with the students in grades 5, 8, and 11 

who were actually proficient to rank schools. For all analyses, robust standard errors were 

used due to the large number of schools included (Raudenbush & Bryk, 2002). All 

analyses requiring hierarchical modeling were conducted using HLM 6 (Raudenbush, 

Bryk, & Congdon, 2004). All other analyses were completed using SPSS version 22. 
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 Baseline model. 

Statistical comparisons were calculated to determine whether a random intercept 

or a random intercept and random slopes model was most appropriate for these data. For 

the baseline model, the hierarchical linear models can be written as: 

𝑌𝑖�̂� = 𝛽0𝑗
+ 𝛽1𝑗

(𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑔−1𝑖𝑗
− 𝑋�̅�)+𝛽2𝑗

(𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑔−2𝑖𝑗
− 𝑊𝑗

̅̅ ̅) + 𝑟𝑖𝑗 

𝛽0𝑗
= 𝛾00 + 𝑢0𝑗

 

𝛽1𝑗
= 𝛾10 + 𝑢1𝑗

 

𝛽2𝑗
= 𝛾20 + 𝑢2𝑗

,                                                  ( 12 ) 

where 𝑌𝑖�̂� represents what the scale score predicted in 2013 for student i in school j is, 

𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑔−1𝑖𝑗
 is student i’s scale score in the previous grade, 𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑔−2𝑖𝑗

 is 

student i’s scale score in two grades prior, 𝑋�̅� is the average scale score in school j in the 

previous grade being predicted (e.g., grade 4 when grade 5 is being predicted), 𝑊𝑗
̅̅ ̅ is the 

average scale score in school j for the grade two years prior (e.g., grade 3 when grade 5 is 

being predicted), and 𝑟𝑖𝑗 is the error associated with the estimation. 𝛽0𝑗
 represents the 

average scale score in 2013 for school j, 𝑢0𝑗
 represents the error associated with the 

estimate, and 𝛽1𝑗
and 𝛽2𝑗

 represent the fixed effects of the scale scores in the previous 

grade and grade two years prior in school j, with 𝑢1𝑗
 and 𝑢2𝑗

 representing the random 

effects of the two prior years’ scale scores. The predicted scale scores were then 

classified as to whether they would be proficient or not in order to determine percentages 

of students “on track.” 
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 Demographic model. 

For analyses incorporating demographics, student demographics were used at the 

student level, and school percentages of demographics were used at the school level. At 

the both the student and school level, demographic variables were added uncentered into 

the model. As with the projection demographic model, dichotomous variables indicating 

whether a student was limited English proficient (LEP), receiving special education 

services (SPED), or receiving free/reduced priced lunch (FRP) were added to the baseline 

models. Additionally, the race/ethnicity data were recoded into four dummy-coded 

variables of American Indian/Alaskan Native (AMI); Asian/Pacific Islander (API); 

Hispanic (HIS); and Black, not of Hispanic origin (BLK); leaving White, not of Hispanic 

origin as the reference group. For a model including student demographics, the following 

general equation was used: 

𝑌𝑖�̂� = 𝛽0𝑗
+ 𝛽1𝑗

(𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑔−1𝑖𝑗
− 𝑋�̅�)+𝛽2𝑗

(𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑔−2𝑖𝑗
− 𝑊𝑗

̅̅ ̅) + 𝛽3𝑗
𝐿𝐸𝑃𝑖𝑗

+ 𝛽4𝑗
𝑆𝑃𝐸𝐷𝑖𝑗 + 𝛽5𝑗

𝐹𝑅𝑃𝑖𝑗 + 𝛽6𝑗
𝐴𝑀𝐼𝑖𝑗 + 𝛽7𝑗

𝐴𝑃𝐼𝑖𝑗 + 𝛽8𝑗
𝐻𝐼𝑆𝑖𝑗 + 𝛽9𝑗

𝐵𝐿𝐾𝑖𝑗

+ 𝑟𝑖𝑗 

𝛽0𝑗
= 𝛾00 + 𝛾01(𝐿𝐸𝑃) + 𝛾02(𝑆𝑃𝐸𝐷) + 𝛾03(𝐹𝑅𝑃) + 𝛾04(𝐴𝑀𝐼) + 𝛾05(𝐴𝑃𝐼) + 𝛾06(𝐻𝐼𝑆)

+ 𝛾07(𝐵𝐿𝐾) + 𝑢0𝑗
 

𝛽1𝑗
= 𝛾10 + 𝑢1𝑗

 

𝛽2𝑗
= 𝛾20 + 𝑢2𝑗

 

𝛽3𝑗
= 𝛾30 + 𝑢3𝑗

 

𝛽4𝑗
= 𝛾40 + 𝑢4𝑗
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𝛽5𝑗
= 𝛾50 + 𝑢5𝑗

 

𝛽6𝑗
= 𝛾60 + 𝑢6𝑗

 

𝛽7𝑗
= 𝛾70 + 𝑢7𝑗

 

𝛽8𝑗
= 𝛾80 + 𝑢8𝑗

 

𝛽9𝑗
= 𝛾90 + 𝑢9𝑗

.                                                  ( 13 ) 

The most basic demographic model that was explored added only the 

demographic dichotomous variables uncentered at the student level and the percentage of 

students falling into each demographic category at the school level (demographics). 

Additionally, random slopes were tested for the demographic characteristics 

(demographics and random slopes). The baseline models adding only demographics (with 

random intercepts) and the interactions between the special populations (LEP, SPED, and 

FRP) with the race/ethnicity categories was also tested (demographics and interactions). 

For the special populations that had no significant interactions, another model was fit 

including only the special populations with a significant interaction effect. Finally, a 

model including the random slopes for the demographic models as well as the 

interactions was fit (random slopes and demographic interactions). The random slopes 

and demographic interactions model was selected for all grade models. 

School size model. 

 Because school size is a school-level variable only, this covariate was only 

incorporated at the school level. In general, the equation can be written as: 
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𝑌𝑖�̂� = 𝛽0𝑗
+ 𝛽1𝑗

(𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑔−1𝑖𝑗
− 𝑋�̅�)+𝛽2𝑗

(𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑔−2𝑖𝑗
− 𝑊𝑗

̅̅ ̅) + 𝛽3𝑗
𝐿𝐸𝑃𝑖𝑗

+ 𝛽4𝑗
𝑆𝑃𝐸𝐷𝑖𝑗 + 𝛽5𝑗

𝐹𝑅𝑃𝑖𝑗 + 𝛽6𝑗
𝐴𝑀𝐼𝑖𝑗 + 𝛽7𝑗

𝐴𝑃𝐼𝑖𝑗 + 𝛽8𝑗
𝐻𝐼𝑆𝑖𝑗 + 𝛽9𝑗

𝐵𝐿𝐾𝑖𝑗

+ 𝑟𝑖𝑗 

𝛽0𝑗
= 𝛾00 + 𝛾01(𝐿𝐸𝑃) + 𝛾02(𝑆𝑃𝐸𝐷) + 𝛾03(𝐹𝑅𝑃) + 𝛾04(𝐴𝑀𝐼) + 𝛾05(𝐴𝑃𝐼) + 𝛾06(𝐻𝐼𝑆)

+ 𝛾07(𝐵𝐿𝐾) + 𝛾08(𝑆𝑐ℎ𝑜𝑜𝑙 𝑆𝑖𝑧𝑒) + 𝑢0𝑗
 

𝛽1𝑗
= 𝛾10 + 𝑢1𝑗

 

𝛽2𝑗
= 𝛾20 + 𝑢2𝑗

 

𝛽3𝑗
= 𝛾30 + 𝑢3𝑗

 

𝛽4𝑗
= 𝛾40 + 𝑢4𝑗

 

𝛽5𝑗
= 𝛾50 + 𝑢5𝑗

 

𝛽6𝑗
= 𝛾60 + 𝑢6𝑗

 

𝛽7𝑗
= 𝛾70 + 𝑢7𝑗

 

𝛽8𝑗
= 𝛾80 + 𝑢8𝑗

 

𝛽9𝑗
= 𝛾90 + 𝑢9𝑗

.                                                 ( 14 ) 

  

The final demographic model for each of the grade levels was utilized and the 

school size level-2 covariate was added. 

School type model. 

 As with school size, school type variables were added only to the school level 

equation. As with the projection model, two dichotomous variables indicating whether a 

school was a middle school (MID) or a high school (HIGH) were created for inclusion in 
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the school type model. In general, the equation for the school type model can be written 

as: 

𝑌𝑖�̂� = 𝛽0𝑗
+ 𝛽1𝑗

(𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑔−1𝑖𝑗
− 𝑋�̅�)+𝛽2𝑗

(𝑠𝑐𝑎𝑙𝑒 𝑠𝑐𝑜𝑟𝑒𝑔−2𝑖𝑗
− 𝑊𝑗

̅̅ ̅) + 𝛽3𝑗
𝐿𝐸𝑃𝑖𝑗

+ 𝛽4𝑗
𝑆𝑃𝐸𝐷𝑖𝑗 + 𝛽5𝑗

𝐹𝑅𝑃𝑖𝑗 + 𝛽6𝑗
𝐴𝑀𝐼𝑖𝑗 + 𝛽7𝑗

𝐴𝑃𝐼𝑖𝑗 + 𝛽8𝑗
𝐻𝐼𝑆𝑖𝑗 + 𝛽9𝑗

𝐵𝐿𝐾𝑖𝑗

+ 𝑟𝑖𝑗 

𝛽0𝑗
= 𝛾00 + 𝛾01(𝐿𝐸𝑃) + 𝛾02(𝑆𝑃𝐸𝐷) + 𝛾03(𝐹𝑅𝑃) + 𝛾04(𝐴𝑀𝐼) + 𝛾05(𝐴𝑃𝐼) + 𝛾06(𝐻𝐼𝑆)

+ 𝛾07(𝐵𝐿𝐾) + 𝛾08(𝑆𝑐ℎ𝑜𝑜𝑙 𝑆𝑖𝑧𝑒) + 𝛾09(𝑀𝐼𝐷) + 𝛾10(𝐻𝐼𝐺𝐻) + 𝑢0𝑗
 

𝛽1𝑗
= 𝛾10 + 𝑢1𝑗

 

𝛽2𝑗
= 𝛾20 + 𝑢2𝑗

 

𝛽3𝑗
= 𝛾30 + 𝑢3𝑗

 

𝛽4𝑗
= 𝛾40 + 𝑢4𝑗

 

𝛽5𝑗
= 𝛾50 + 𝑢5𝑗

 

𝛽6𝑗
= 𝛾60 + 𝑢6𝑗

 

𝛽7𝑗
= 𝛾70 + 𝑢7𝑗

 

𝛽8𝑗
= 𝛾80 + 𝑢8𝑗

 

𝛽9𝑗
= 𝛾90 + 𝑢9𝑗

.                                                   ( 15 ) 

 As with the school size model, the final demographic for each grade level was 

selected and the school size and school type covariates at level 2 were included in the 

final school type model. 
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Ranking and Comparison of Models 

A brief explanation of the different growth estimates calculated for each growth 

model can be found in Table 9. After a school growth estimate was calculated for each 

school, the schools received a rank. Schools with the best school growth score received 

Table 9 

Brief explanation of growth estimates calculated. 

Growth Model Aggregation 

Method(s) 

Demographic 

Model Method 

School Size 

Model Method 

School Type 

Model Method 

Transition 

Matrix 

Proficiency 

Rewarded 

Equal Points 

 

Separate models Correlations Correlations 

Trajectory Percentage 

“On Track” 

 

Separate models Correlations Correlations 

Projection Percentage 

Predicted to be 

Proficient 

 

Included as 

coefficients in 

one model 

Included in the 

model 

Included in 

the model 

Student Growth 

Percentile 

Mean 

Median 

 

Separate models Correlations Correlations 

Hierarchical 

Linear Model 

Percentage 

Predicted to be 

Proficient 

Included as 

coefficients in 

one model 

Included in the 

model 

Included in 

the model 

 

the highest rank, with one representing the best rank. In the case of a tie, all schools with 

the tie received the highest rank (e.g., the lowest number). After the tied schools, the 

school with the next best growth estimate was then given the rank corresponding with 

their actual order in the list, rather than the next rank after the tie. This method of ranking 

schools was selected because it is consistent with how Minnesota had implemented 

percentile ranking in their initial accountability rating system (Minnesota Department of 
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Education, 2012b) for growth scores. This was completed for each growth model and 

each variation (baseline, demographics only, school size, and school type). 

The school ranks within each model were compared with a Friedman ANOVA 

(Friedman, 1937) to determine whether the rank order significantly differs between the 

models. If a significant difference was found, follow-up Wilcoxon signed-rank tests were 

completed using a Bonferroni correction to determine which models differed significantly 

in the rank order of the schools. School ranks were additionally compared by exploring 

the changes in which quartile schools fell into within the ranks using the different 

models. 

For the transition matrix model, trajectory model, and student growth percentiles 

model, the information regarding differences in rank for the baseline and demographic 

models in conjunction with the observed correlations with school size and school type 

was used to determine the final models selected. For the projection and hierarchical linear 

models, log-likelihood ratio tests were used to determine the final models selected. 

The resulting rank for schools based on the final models selected for each of the 

five growth models were then also compared using a Friedman ANOVA (Friedman, 

1937) to determine whether the overall rank order of schools differs depending on the 

type of growth model selected. This information, along with parsimony and the 

consideration of the complexity of analysis required to create the school growth estimates 

was used in making recommendations of growth models to use for accountability 

purposes.  
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Results 

Transition Matrix Model 

 Baseline model. 

 The statewide distribution of students’ changes in achievement levels between 

their previous year’s testing and the current year can be seen in Table 10. The descriptive  

Table 10 

Distribution of statewide change in achievement levels for the baseline transition matrix 

model. 
Current Year 

 

 

Previous 

Year 

Level 

 D 

 N (%) 

P 

 N (%) 

M 

 N (%) 

E 

 N (%) 

Does Not Meet (D) 25607 (8.5%) 7607 (2.5%) 1061 (0.4%) 23 (0.0%) 

Partially Meets (P) 15975 (5.3%) 30277 (10.0%) 13800 (4.6%) 594 (0.2%) 

Meets (M) 4163 (1.4%) 28970 (9.6%) 75615 (25.0%) 21864 (7.2%) 

Exceeds (E) 106 (0.0%) 1057 (0.3%) 20293 (6.7%) 55456 (18.3%) 

 

statistics of the two methods for awarding points for the transition matrices’ growth 

estimates and rank can be seen in Table 11. Table 11 also provides descriptive  

Table 11 

Descriptive statistics for the proficiency rewarded and equal points awarded transition 

matrix baseline models. 
Proficiency Rewarded Equal Points for 

Improvement 

Difference in Models 

Average 

Growth 

Rank Average 

Growth 

Rank Average 

Growth 

Rank 

M SD M SD M SD M SD M SD M SD 

8.71 10.26 703.30 405.92 6.96 8.76 703.21 405.85 -1.75 1.77 0.09 41.40 

 

information when comparing a school’s growth estimate and rank between the two 

methods. There was a strong correlation between the proficiency rewarded and equal 

points awarded methods for the growth estimate (r = .995, p < .001) and rank order (ρ = 

.995, p < .001). 
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 Demographic model. 

 Using differing cut scores for each demographic group (see Tables 4, 5, 8, and 9) 

resulted in the distributions for students who were or were not limited English proficient 

(LEP), receiving special education services (SPED), or receiving free/reduced priced 

lunch (FRP); and by the five race/ethnicity categories (Table 12). In each of these 

demographic models, you will note that there is not much change in the distribution of 

overall percentages in each of the cells from the baseline model (Table 13). 

Table 12 

Distribution of statewide change in achievement categories for the special populations 

transition matrix models: limited English proficient, special education, and free/reduced 

priced lunch. 
LEP Current Year Level 

 

 

Previous 

Year Level 

 1 

 N (%) 

2 

 N (%) 

3 

 N (%) 

4 

 N (%) 

Category 1 25025 (8.3%) 8249 (2.7%) 1277 (0.4%) 49 (0.0%) 

Category 2 15832 (5.2%) 32611 (10.8%) 15760 (5.2%) 963 (0.3%) 

Category 3 3998 (1.3%) 28095 (9.3%) 69759 (23.1%) 21454 (7.1%) 

Category 4 137 (0.0%) 1534 (0.5%) 22078 (7.3%) 55645 (18.4%) 

SPED Current Year Level 

 

 

Previous 

Year Level 

 1 

 N (%) 

2 

 N (%) 

3 

 N (%) 

4 

 N (%) 

Category 1 24873 (8.2%) 8781 (2.9%) 1495 (0.5%) 48 (0.0%) 

Category 2 15589 (5.2%) 29513 (9.8%) 15361 (5.1%) 848 (0.3%) 

Category 3 5251 (1.7%) 28200 (9.3%) 72529 (24.0%) 21483 (7.1%) 

Category 4 163 (0.1%) 1466 (0.5%) 21379 (7.1%) 55489 

(18.3%) 

FRP Current Year Level 

 

 

Previous 

Year Level 

 1 

 N (%) 

2 

 N (%) 

3 

 N (%) 

4 

 N (%) 

Category 1 25541 (8.4%) 9142 (3.0%) 1679 (0.6%) 58 (0.0%) 

Category 2 15845 (5.2%) 29481 (9.7%) 17032 (5.6%) 1059 (0.4%) 

Category 3 4994 (1.7%) 26634 (8.8%) 70042 (23.2%) 21664 (7.2%) 

Category 4 184 (0.1%) 1627 (0.5%) 22512 (7.4%) 54974 (18.2%) 

 

The descriptive statistics for the proficiency rewarded model, the equal points awarded 

model, and difference between the two points value models are reported for the four 

demographic models (Table 14).  
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Table 13 

Distribution of statewide change in achievement categories for the race/ethnicity 

transition matrix model. 
 Current Year Level 

 

 

Previous 

Year Level 

 1 

 N (%) 

2 

 N (%) 

3 

 N (%) 

4 

 N (%) 

Category 1 25584 (8.5%) 8525 (2.8%) 1574 (0.5%) 66 (0.0%) 

Category 2 16260 (5.4%) 29592 (9.8%) 16473 (5.4%) 993 (0.3%) 

Category 3 4853 (1.6%) 26951 (8.9%) 69900 (23.1%) 21799 (7.2%) 

Category 4 169 (0.1%) 1567 (0.5%) 21649 (7.2%) 56513 (18.7%) 

 

Table 14 

Descriptive statistics for the proficiency rewarded and equal points awarded 

demographic transition matrix models. 
LEP 

Proficiency Rewarded Equal Points for Improvement Difference in Models 

Average 

Growth 

Rank Average 

Growth 

Rank Average 

Growth 

Rank 

M SD M SD M SD M SD M SD M SD 

4.79 10.54 700.90 404.60 6.73 8.99 700.71 404.59 -1.94 2.72 0.19 104.67 

SPED 

Proficiency Rewarded Equal Points for Improvement Difference in Models 

Average 

Growth 

Rank Average 

Growth 

Rank Average 

Growth 

Rank 

M SD M SD M SD M SD M SD M SD 

5.15 10.72 700.85 404.59 6.91 9.20 700.73 404.58 -1.76 2.64 0.13 99.50 

FRP 

Proficiency Rewarded Equal Points for Improvement Difference in Models 

Average 

Growth 

Rank Average 

Growth 

Rank Average 

Growth 

Rank 

M SD M SD M SD M SD M SD M SD 

4.05 10.72 700.90 404.60 6.37 9.26 700.67 404.56 -2.32 2.49 0.22 93.83 

Race/Ethnicity 

Proficiency Rewarded Equal Points for Improvement Difference in Models 

Average 

Growth 

Rank Average 

Growth 

Rank Average 

Growth 

Rank 

M SD M SD M SD M SD M SD M SD 

4.27 10.63 700.89 404.60 6.34 9.10 700.76 404.55 -2.07 2.52 0.13 94.15 
 

 

 

As with the distribution of changes in achievement categories, the results from the four 

demographic models were similar to the baseline model, with the notable exception of 

greater average points in the proficiency rewarded model for the baseline model. 

Correlations among the growth estimates for each of the demographic models and their 
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ranks can be seen in Table 15. In general, the correlations are very high, indicating little 

difference in school growth or school ranks. 

Table 15 

Pearson correlations among growth estimates for the demographic models for the 

transition matrix growth model are reported below the diagonal. Above the diagonal, 

Spearman correlations are reported for the school ranks produced from the growth 

estimates. 
 1 2 3 4 5 6 7 8 

LEP Equal (1) 1 .967 .978 .944 .939 .912 .958 .924 

LEP Proficiency (2) .973 1 .950 .971 .915 .927 .935 .948 

SPED Equal (3) .978 .954 1 .970 .936 .915 .956 .926 

SPED Proficiency (4) .953 .972 .976 1 .909 .922 .931 .943 

FRP Equal (5) .946 .930 .942 .924 1 .973 .951 .924 

FRP Proficiency (6) .924 .936 .923 .933 .979 1 .932 .941 

Race Equal (7) .961 .943 .959 .940 .956 .940 1 .973 

Race Proficiency (8) .935 .953 .934 .949 .937 .948 .979 1 

Note: All correlations significant at the .01 level. 

 

 School size model. 

 Correlations with school size and the average growth scores for both the 

proficiency rewarded model and the equal points awarded model were calculated for the 

baseline and demographic models (Table 16). The correlations between school size and 

school rank were also calculated (Table 16). In general, the correlations were low, though 

significant between school size and the school growth estimates and rank. To determine 

whether there were significant differences between the correlation coefficients, t-tests 

were conducted after using Fisher’s r-z transforms, which revealed several significant 

differences (Table 17). The majority of correlations were significantly different from one 

another, meaning that the demographic models and baseline model have different 

observed strengths of relationship with school size. 
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Table 16 

Correlations among growth estimates and school ranks for the baseline and demographic 

transition matrix models and school size. 
 Proficiency 

Rewarded 

Growth 

Equal Points for 

Improvement 

Growth 

Proficiency 

Rewarded Rank 

Equal Points for 

Improvement 

Rank 

All Student -.168 -.163 .170 .164 

LEP -.177 -.116 .176 .115 

SPED -.137 -.103 .138 .105 

FRP -.139 -.107 .131 .100 

Race/Ethnicity -.152 -.111 .149 .108 

Note: All correlations significant at the .01 level. 

 

Table 17 

Tests for significant differences between correlations among the growth estimates for the 

baseline and demographic models of the transition matrix growth model and school size 

are reported above the diagonal using Fisher’s r-z transforms for dependent data. Tests 

for significant differences between the correlations of school ranks are above the 

diagonal. T-values are reported in the table. 
 1 2 3 4 5 6 7 8 9 10 

1 -- 2.28* 7.58* -1.47 7.95* 2.71* 6.24* 2.87* 6.19* 1.40 

2 -1.89 -- 7.70* -0.77 8.19* 3.43* 6.59* 3.36* 6.35* 1.93 

3 -8.19* -6.80* -- 9.25* 1.80 -2.60* 1.62 -1.44 0.91 -3.30* 

4 1.15 1.88 -10.27* -- 8.71* 6.05* 7.09* 4.49* 7.26* 3.19* 

5 -8.90* -7.69* -2.33* -9.49* -- 5.12* 0.53 -2.38* -0.38 -4.34* 

6 -3.45* -2.94* 2.58* -6.48* -5.91* -- 3.37* 0.67 3.05* -1.23 

7 -6.47* -5.66* -1.03 -7.18* 0.44 -2.90* -- 5.07* -0.96 -4.78* 

8 -2.73* -2.21* 2.22* -4.04* 3.46* 0.21 -5.94* -- 2.35* -

1.98* 

9 -6.77* -5.72* -0.56 -7.52* 1.05 -2.83* 0.51 -3.05* -- 6.76* 

10 -1.62 -1.09 3.78* -3.10* 5.12* 1.77 4.81* 1.52 -7.69* -- 

Note: *p<.05, 1=All Equal, 2=All Proficiency, 3=LEP Equal, 4=LEP Proficiency, 

5=SPED Equal, 6=SPED Proficiency, 7=FRP Equal, 8=FRP Proficiency, 

9=Race/Ethnicity Equal, 10=Race/Ethnicity Proficiency. 

 

School type model. 

 Spearman correlations of school type with the average growth scores and rank for 

both the proficiency rewarded model and equal points awarded model were calculated for 

the baseline and demographic models (Table 18). Unlike school size, not all models had a 

significant relationship with school type. T-tests performed on Fisher’s r-z transform data 
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determined that many of the correlation coefficients were significantly different from one 

another (Table 19). 

Table 18 

Spearman correlations among growth estimates and school ranks for the baseline and 

demographic transition matrix models and school type. 

 Proficiency 

Rewarded 

Growth 

Equal Points for 

Improvement 

Growth 

Proficiency 

Rewarded 

Rank 

Equal Points for 

Improvement 

Rank 

All Student .025 .018 -.025 -.018 

LEP .029 .012 -.029 -.012 

SPED .084** .037 -.084** -.037 

FRP .074** .028 -.074** -.028 

Race/Ethnicity .076** .045 -.076** -.045 

Note: *p<.05, **p<.01. 

 Comparison of transition matrix models. 

 A Friedman ANOVA (Friedman, 1937) revealed that there was no significant 

difference between the school ranks for any of the demographic models and the all 

student model, as well as no difference between models that awarded equal points for 

changes in achievement level and those that awarded relatively more points for achieving 

proficiency (Χ
2
(9) = 15.38, p = .081). Table 20 displays that the majority of schools were 

ranked in the same quartile for the equal points awarded and proficiency rewarded 

models (93.2%). However, Tables 21 and 22 show the crosstabs of the quartile in which a 

school is ranked (with 1 indicating the higher ranking schools) of the all student 

(baseline) model with each of the demographic models. These show that there was more 

consistency in rankings across the equal points awarded models than the proficiency 

rewarded models. 
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Trajectory Model 

 Baseline model. 

 The percentages of students reaching their growth targets in the state using the 

trajectory growth model can be seen in Table 23. On average, schools had 62.7% of their 

Table 19 

Tests for significant differences between correlations among the growth estimates for the 

baseline and demographic models of the transition matrix growth model and school type 

are reported above the diagonal using Fisher’s r-z transforms for dependent data. Tests 

for significant differences between the correlations of school rank are above the 

diagonal. T-values are reported in the table. 
 1 2 3 4 5 6 7 8 9 10 

All 

Equal 

(1) 

-- -2.62* -0.90 6.88* 2.49* 6.92* 0.95 4.85* 2.92* 5.38* 

All 

Prof 

(2) 

2.62* -- -1.77 0.50 1.47 6.31* 0.28 4.19* 2.00* 4.67* 

LEP 

Equal 

(3) 

0.91 1.84 -- -2.48* 4.49* 8.25* 1.71 5.59* 4.29* 6.23* 

LEP 

Prof 

(4) 

-1.38 -0.53 2.74* -- 0.95 8.79* -0.09 4.44* 1.66 5.52* 

SPED 

Equal 

(5) 

-2.51* -1.49 -4.48* -0.98 -- -7.32* -0.94 3.37* 1.01 3.82* 

SPED 

Prof 

(6) 

-7.38* -6.69* -9.03* -8.93* 8.21* -- -4.96* -0.95 -3.96* -0.89 

FRP 

Equal 

(7) 

-1.04 -0.30 -1.82 0.10 0.99 5.42* -- -7.56* 2.03* 4.65* 

FRP 

Prof 

(8) 

-5.25* -4.50* -6.02* -4.74* -3.54* 1.02 8.61* -- -2.95* 0.22 

Race 

Equal 

(9) 

-3.14* -2.16* -3.67* -1.77 -1.04 4.24* -2.14* 3.14* -- -5.04* 

Race 

Prof 

(10) 

-5.86* -5.03* -6.74* -5.80* -4.03* 0.94 -5.10* -0.23 5.72* -- 

Note: *p<.05, **p<.01. 
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Table 20 

Determination of whether schools were ranked in the same quartile when looking at the 

equal points awarded and proficiency rewarded transition matrix models for the baseline 

(all student) model and each of the demographic models. 
Model Count of Schools in Same 

Quartile 

Percent of Schools in Same 

Quartile 

All Student (Baseline) 1306 93.2 

LEP 1108 79.1 

SPED 1122 80.1 

FRP 1134 80.9 

Race/Ethnicity 1152 82.2 

 

Table 21 

Counts of whether schools were ranked in the same quartile for the proficiency rewarded 

transition matrix demographic models and the baseline (all student) model. 
 All Student 

Quartile 1 

All Student 

Quartile 2 

All Student 

Quartile 3 

All Student 

Quartile 4 

LEP Quartile 1 298 50 2 0 

LEP Quartile 2 50 244 56 0 

LEP Quartile 3 0 54 244 52 

LEP Quartile 4 1 1 46 303 

SPED Quartile 1 291 56 3 0 

SPED Quartile 2 55 223 70 2 

SPED Quartile 3 2 68 226 54 

SPED Quartile 4 1 2 49 299 

FRP Quartile 1 277 37 5 1 

FRP Quartile 2 64 203 74 9 

FRP Quartile 3 7 73 198 72 

FRP Quartile 4 1 6 71 273 

Race/Ethnicity Quartile 1 288 56 5 1 

Race/Ethnicity Quartile 2 54 214 78 4 

Race/Ethnicity Quartile 3 7 74 203 66 

Race/Ethnicity Quartile 4 0 5 62 284 

 

students meeting their growth targets (SD = 16.7%). The descriptive statistics for the rank 

order were similar to those of the transition matrix baseline model (M = 700.85, SD = 

404.70). 
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Table 22 

Counts of whether schools were ranked in the same quartile for the equal points awarded 

transition matrix demographic models and the baseline (all student) model. 
 All Student 

Quartile 1 

All Student 

Quartile 2 

All Student 

Quartile 3 

All Student 

Quartile 4 

LEP Quartile 1 305 45 0 0 

LEP Quartile 2 44 256 50 0 

LEP Quartile 3 0 46 260 44 

LEP Quartile 4 0 1 39 311 

SPED Quartile 1 301 49 0 0 

SPED Quartile 2 47 245 58 0 

SPED Quartile 3 1 53 251 46 

SPED Quartile 4 0 1 40 309 

FRP Quartile 1 291 54 5 0 

FRP Quartile 2 52 219 75 4 

FRP Quartile 3 6 70 212 62 

FRP Quartile 4 0 5 57 289 

Race/Ethnicity Quartile 1 299 50 1 0 

Race/Ethnicity Quartile 2 47 229 72 3 

Race/Ethnicity Quartile 3 3 67 227 52 

Race/Ethnicity Quartile 4 0 2 49 300 

 

Table 23 

Percentages statewide of students meeting growth targets for the baseline trajectory 

model by grade. 

 Target Not Met Target Met 

Grade N % N % 

4 12755 25.3 37754 74.7 

5 16736 32.2 35292 67.8 

6 18072 35.1 33418 64.9 

7 18521 35.7 33397 64.3 

8 17218 33.6 34081 66.4 

11 18321 40.5 26903 59.6 

All Grades 101623 33.6 200845 66.4 

 

 Demographic model. 

 The percentages of students considered “on track” for the limited English 

proficient (LEP) model, the special education (SPED) model, the free/reduced priced 

lunch (FRP) model, and the race/ethnicity model by grade and overall grades can be seen 

in Table 24. Across the models, no noticeable differences are seen for percentage of 

students meeting targets across the grades. The descriptive statistics relating to the  
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Table 24 

Percentages statewide of students meeting growth targets for the demographic trajectory 

models by grade. 
LEP Target Not Met Target Met 

Grade N % N % 

4 12806 25.4 37703 74.6 

5 16927 32.5 65101 67.5 

6 17840 34.6 33650 65.4 

7 18496 35.6 33422 64.4 

8 17060 33.3 34239 66.7 

11 21360 47.2 23864 52.8 

All Grades 104489 34.5 197979 65.5 

SPED Target Not Met Target Met 

Grade N % N % 

4 12234 24.2 38275 75.8 

5 16615 31.9 35413 68.1 

6 17595 34.2 33895 65.8 

7 18178 35.0 33740 65.0 

8 16594 32.3 34705 67.7 

11 21417 47.4 23807 52.6 

All Grades 102633 33.9 199835 66.1 

FRP Target Not Met Target Met 

Grade N % N % 

4 12630 25.0 37879 75.0 

5 16275 31.3 35753 68.7 

6 16760 32.6 34730 67.4 

7 18276 35.2 33642 64.8 

8 16357 31.9 34942 68.1 

11 21823 48.3 23401 51.7 

All Grades 102121 33.8 200347 66.2 

Race/Ethnicity Target Not Met Target Met 

Grade N % N % 

4 12675 25.1 37834 74.9 

5 16780 32.3 35248 67.7 

6 17476 33.9 34014 66.1 

7 17053 32.8 34865 67.2 

8 16888 32.9 34411 67.1 

11 21622 47.8 23602 52.2 

All Grades 102494 33.9 199974 66.1 

  



 82 

 

percentage of students considered “on track” and the average rank are reported for each 

demographic model (Table 25). These, too, indicate very little difference in the 

percentage of students considered “on track,” though the standard deviation is relatively 

smaller for the FRP and race/ethnicity models. The correlations among the demographic 

models’ growth estimates and ranks can be seen in Table 26. Although all correlations 

were fairly high, the all student (baseline) model and the FRP and race/ethnicity models 

are less similar. 

Table 25 

Descriptive statistics for average school growth estimate and rank for the demographic 

trajectory models. 

 Growth Estimate Rank 

 M SD M SD 

LEP Model 61.34% 16.73% 700.70 404.67 

SPED Model 62.23% 17.17% 700.70 404.54 

FRP Model 63.37% 15.02% 700.72 404.51 

Race/Ethnicity 

Model 

62.23% 15.86% 700.66 404.45 

 

Table 26 

Pearson correlations among growth estimates for schools for each trajectory model are 

reported below the diagonal. Spearman correlations among the ranks for each trajectory 

model are reported above the diagonal. 

 All Student LEP SPED FRP Race/Ethnicity 

All Student 1 .950 .970 .886 .884 

LEP .952 1 .961 .935 .943 

SPED .973 .960 1 .917 .905 

FRP .895 .940 .920 1 .936 

Race/Ethnicity .883 .938 .904 .940 1 

Note: All correlations significant at the .01 level. 

School size model. 

 The correlation of school size with the baseline (all student) and each 

demographic model’s school growth estimate and rank are reported in Table 27.  
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Table 27 

Correlations among growth estimates and school ranks for the baseline and demographic 

trajectory models and school size. 

 Growth Estimate Rank 

All Student .193* -.183* 

LEP .166* -.149* 

SPED .118* -.103* 

FRP .077* -.049 

Race/Ethnicity .164* -.145* 

Note: *p<.01. 

Although still significant, the FRP model was clearly least related to school size. Using 

Fisher’s r-z transforms for dependent measures, almost all correlation coefficients were 

significantly different from each other, indicating little consistency in the relationship 

between trajectory model and school size (Table 28). 

Table 28 

Tests for significant differences between correlations among the growth estimates for the 

baseline and demographic models of the trajectory growth model and school size are 

reported above the diagonal using Fisher’s r-z transforms for dependent data. Tests for 

significant differences between the correlations of school rank are above the diagonal. T-

values are reported in the table. 

 All Student LEP SPED FRP Race/Ethnicity 

All Student -- -4.10** -13.07** -11.02** -3.00** 

LEP 3.32** -- -6.30** -10.85** -0.45 

SPED 12.90** 6.49** -- -5.02** 3.65** 

FRP 9.86** 10.00** 3.86** -- 10.47** 

Race/Ethnicity 2.28* 0.21 -3.98** -9.76** -- 

Note: *p<.05, **p<.01. 

 School type model. 

 Correlations between school type and the baseline model as well as each 

demographic model, for both the growth estimate and rank, are reported in Table 29. The  

relationship to school type was noticeably stronger in the trajectory models than in the 

transition matrix model. Every t-test performed on the Fisher’s r-z transforms of the 

correlation coefficients found each pair of correlations to be significantly different from 



 84 

 

one another (Table 30). Additionally, some of the correlations were very different from 

each other, meaning school type was far more related to some of the models than others. 

Table 29 

Correlations among growth estimates and school ranks for the baseline and demographic 

trajectory models and school type. 

 Growth Estimate Rank 

All Student (Baseline) -.387* .387* 

LEP -.492* .492* 

SPED -.478* .478* 

FRP -.566* .566* 

Race/Ethnicity -.525* .525* 

Note: *p<.01. 

Table 30 

Tests for significant differences between correlations among the growth estimates for the 

baseline and demographic models of the trajectory growth model and school type are 

reported above the diagonal using Fisher’s r-z transforms for dependent data. Tests for 

significant differences between the correlations of school rank are above the diagonal. T-

values are reported in the table. 

 All Student LEP SPED FRP Race/Ethnicity 

All Student -- -14.93** -16.94** -17.81** -12.82** 

LEP 15.25** -- 2.15* -9.38** -4.29** 

SPED 18.02** -2.12* -- -9.87** -4.74** 

FRP 18.68** 9.77** 10.04** -- 5.20** 

Race/Ethnicity 12.74** 4.11** 4.70** -5.36** -- 

Note: *p<.05, **p<.01. 

Comparison of trajectory models. 

A Friedman ANOVA (Friedman, 1937) revealed a significant difference in school ranks 

among the baseline and demographic models (Χ
2
(4) = 120.86, p < .001). Post hoc 

Wilcoxon signed-rank tests were conducted using a Bonferroni adjustment, resulting in 

an alpha of .005. The ranks were found to be significantly different between all pairings 

except those with the free/reduced priced lunch model (Table 31). A comparison of the 

quartile (with quartile 1 representing the higher-ranking schools) in which a school was 

ranked for the free/reduced priced lunch trajectory model and the other four trajectory 
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models can be seen in Table 32. While there is still consistency in quartile ranking across 

the models, consistency is certainly less than that of the transition matrix models. 

Table 31 

Post hoc Wilcoxon signed-rank tests for the baseline and demographic trajectory models. 

A Bonferroni correction was applied, making α = .005. 

 Baseline LEP SPED FRP 

 Z p Z P Z P Z p 

LEP -4.07 <.001* -- --     

SPED -3.92 .001* -3.57 <.001* -- --   

FRP -0.75 .454 -2.28 .023 -2.08 .038 -- -- 

Race/Ethnicity -4.52 <.001* -6.07 <.001* -5.23 <.001* -1.74 .082 

Note: *p<.005. 

Table 32 

Counts of whether schools were ranked in the same quartile for the free/reduced priced 

lunch (FRP) trajectory model and the baseline (all student) and other demographic 

trajectory models. 
 FRP Quartile 1 FRP Quartile 2 FRP Quartile 3 FRP Quartile 4 

Baseline Quartile 1 283 55 10 1 

Baseline Quartile 2 61 200 78 11 

Baseline Quartile 3 5 87 175 83 

Baseline Quartile 4 0 8 87 256 

LEP Quartile 1 290 52 7 1 

LEP Quartile 2 59 229 58 4 

LEP Quartile 3 2 67 223 58 

LEP Quartile 4 0 1 62 288 

SPED Quartile 1 279 62 9 0 

SPED Quartile 2 69 213 61 7 

SPED Quartile 3 2 73 611 64 

SPED Quartile 4 0 2 69 280 

Race/Ethnicity Quartile 1 291 55 4 0 

Race/Ethnicity Quartile 2 58 227 61 4 

Race/Ethnicity Quartile 3 1 67 231 61 

Race/Ethnicity Quartile 4 0 1 54 296 

 

Projection Model 

 Baseline model. 

 A logistic regression was run using the known outcome of whether grade 5 

students’ test scores in 2013 were proficient or not using their grade 3 and 4 test scores as 

predictors (Table 33). The coefficients provided from this equation were then utilized on 
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the grade 4 student data in 2013 to determine whether students in grade 4 were likely to 

be proficient in 2014 on the grade 5 test. 

Table 33 

Baseline projection model predicting student proficiency in grade 5. 

 B SE Df p-value 

Intercept -92.587 0.864 1 <.001 

Grade 3 0.088 0.002 1 <.001 

Grade 4 0.135 0.002 1 <.001 

-2 Log Likelihood 34814.04    

Nagelkerke R
2 

.653    

 

Using the known outcome of whether grade 8 students’ test scores in 2013 were 

proficient or not, a logistic regression was run using their grade 6 and 7 test scores as 

predictors (Table 34). These coefficients were then used on the grade 7 students’ data to 

determine whether they were likely to be proficient on the grade 8 test. Another logistic 

Table 34 

Baseline projection model predicting student proficiency in grade 8 using grade 6 and 

grade 7 prior scores. 

 B SE Df p-value 

Intercept -216.273 2.063 1 <.001 

Grade 6 0.080 0.002 1 <.001 

Grade 7 0.220 0.003 1 <.001 

-2 Log Likelihood 34342.90    

Nagelkerke R
2 

.657    

 

regression model predicting grade 8 proficiency was run using the known outcome in 

grade 8 and their grade 6 test scores only (Table 35). The coefficients from this equation 

were used to predict whether grade 6 students would be proficient in grade 8. The 

selection of .49 and .50 as the cut values for predicting students as likely to be proficient 

led to the classification tables reported in Table 36. The observed proficiency for grade 5, 

8, and 11 students in 2013 was used in addition to the predicted proficiencies for grades 

4, 6, and 7 in order to obtain a percentage of students who were “on track,” and this was 



 87 

 

used to rank the schools (Table 37). Schools had an average predicted proficiency rate of 

59.45% (SD = 17.02%) and rank of 700.75 (SD = 404.54). 

Table 35 

Baseline projection model predicting student proficiency in grade 8 using grade 6 prior 

scores only. 

 B SE Df p-value 

Intercept -125.109 1.133 1 <.001 

Grade 6 0.194 0.002 1 <.001 

-2 Log Likelihood 40158.538    

Nagelkerke R
2 

.572    

 

Table 36 

Classification tables for the baseline projection models for grade 5, grade 8 using grade 

6 and 7 prior scores, and grade 8 using grade 6 prior scores only, using cut values of .49, 

.49, and .50, respectively. 

 True 

Positive 

True 

Negative 

False 

Positive 

False 

Negative 

% 

Correct 

Grade 5 

Model 

29255 14775 4649 3391 84.6 

Grade 8, Two 

Prior Years 

Model 

28567 14904 4667 3191 84.7 

Grade 8, One 

Prior Year 

Model 

28096 13827 5715 3661 81.7 

 

Table 37 

Percentages statewide of students meeting growth targets for the baseline projection 

model by grade. 

 Target Not Met Target Met 

Grade N % N % 

4 18909 37.4 31600 62.6 

5 19385 37.3 32643 62.7 

6 13867 26.9 37623 73.1 

7 17203 33.1 34715 66.9 

8 19542 38.1 31757 61.9 

11 18321 40.5 26903 59.5 

All Grades 107227 35.5 195241 64.5 
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Demographic model. 

Models using only the demographic variables were compared to models 

incorporating the interactions of the race/ethnicity variables and the special population 

variables. For the grade 5 model, inclusion of the demographic interaction variables did 

not significantly improve the model (Table 38), but it did for both grade 8 models. The 

interactions including free/reduced priced lunch were the only variables with significant 

coefficients in the full interactions model. Removal of the limited English proficient and 

special education interaction effects still led to a significant improvement over just the 

Table 38 

Demographic projection model exploration of inclusion of demographics interactions. 

Log likelihood ratio tests were performed to determine whether including interactions 

significantly improved the model. All p-values are based on comparing interaction 

models with the demographic model not including any interactions. 

 Nagelkerke R
2
 -2 Log 

Likelihood 

df p-value 

Grade 5     

 Demographics .658 34460.83 9  

 Demographics + Interactions .658 34444.89 21 ns 

Grade 8, Two Prior Years     

 Demographics .660 34078.89 9  

 Demographics + Interactions .661 34049.79 21 .004 

 Demographics + FRP 

Interactions 

.661 34056.58 12 <.001 

Grade 8, Grade 6 Prior Year     

 Demographics .582 39557.189 9  

 Demographics + Interactions .582 39524.305 21 .001 

 Demographics + FRP 

Interactions 

.582 39542.871 12 .003 

 

demographic model. Furthermore, inclusion of those interaction effects was not a 

significant improvement above the model with just free/reduced priced lunch interactions 

(Table 38). The results of the logistic regression for grade 5, grade 8 with grade 6 and 

grade 7 prior scores, and grade 8 with only grade 6 prior scores can be seen in Table 39, 
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Table 40, and Table 41, respectively. The selection of .49 as the cut value for each of the 

models led to slightly higher correct classifications compared to the baseline model 

(Table 42). The observed percentages of students who were considered “on track” by  

Table 39 

Demographic projection model predicting student proficiency in grade 5. 

 B SE Df p-value 

Intercept -90.231 0.887 1 <.001 

Grade 3 0.086 0.002 1 <.001 

Grade 4 0.132 0.002 1 <.001 

LEP 0.097 0.061 1 .113 

SPED -0.441 0.045 1 <.001 

FRP -0.323 0.030 1 <.001 

AMI -0.370 0.092 1 <.001 

API 0.415 0.060 1 <.001 

HIS -0.101 0.057 1 .079 

BLK -0.142 0.052 1 .006 

-2 Log Likelihood 34460.83    

Nagelkerke R
2 

.658    

 

Table 40 

Demographic projection model predicting student proficiency in grade 8 using grade 6 

and 7 prior scores. 

 B SE df p-value 

Intercept -213.360 2.120 1 <.001 

Grade 6 0.079 0.002 1 <.001 

Grade 7 0.217 0.003 1 <.001 

LEP 0.243 0.078 1 .002 

SPED -0.439 0.053 1 <.001 

FRP -0.356 0.035 1 <.001 

AMI -0.366 0.166 1 .028 

API 0.297 0.094 1 .002 

HIS -0.164 0.104 1 .115 

BLK -0.233 0.101 1 .020 

FRP*AMI 0.264 0.212 1 .213 

FRP*API 0.357 0.122 1 .003 

FRP*HIS 0.189 0.126 1 .135 

FRP*BLK 0.450 0.120 1 <.001 

-2 Log Likelihood 34056.58    

Nagelkerke R
2 

.661    
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grade and overall using the demographic model can be seen in Table 43. Using the 

demographic models, schools had an average predicted proficiency rate of 58.64% (SD = 

17.27%) and rank of 700.76 (SD = 404.48). 

Table 41 

Demographic projection model predicting student proficiency in grade 8 using grade 6 

prior scores only. 

 B SE df p-value 

Intercept -120.065 1.168 1 <.001 

Grade 6 0.186 0.002 1 <.001 

LEP 0.060 0.072 1 .398 

SPED -0.689 0.048 1 <.001 

FRP -0.474 0.033 1 <.001 

AMI -0.583 0.158 1 <.001 

API 0.326 0.086 1 <.001 

HIS -0.231 0.095 1 .014 

BLK -0.342 0.090 1 <.001 

FRP*AMI 0.263 0.200 1 .189 

FRP*API 0.217 0.112 1 .051 

FRP*HIS 0.172 0.115 1 .135 

FRP*BLK 0.331 0.108 1 .002 

-2 Log Likelihood 39542.871    

Nagelkerke R
2 

.582    

 

Table 42 

Classification tables for the demographic projection models for grade 5, grade 8 using 

grade 6 and 7 prior scores, and grade 8 using grade 6 prior scores only, using the cut 

value of .49. 

 True 

Positive 

True 

Negative 

False 

Positive 

False 

Negative 

% 

Correct 

Grade 5 

Model 

29341 14720 4665 3302 84.7 

Grade 8 

Model, Two 

Prior Years 

28596 14886 4656 3161 84.8 

Grade 8 

Model, One 

Prior Year 

27970 14161 5381 3787 82.1 
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Table 43 

Percentages statewide of students meeting growth targets for the demographic projection 

model by grade. 

 Target Not Met Target Met 

Grade N % N % 

4 18320 36.3 32189 63.7 

5 19385 37.3 32643 62.7 

6 16753 32.5 34737 67.5 

7 17901 34.5 34017 65.5 

8 19542 38.1 31757 61.9 

11 18321 40.5 26903 59.5 

All Grades 110222 36.4 192246 63.6 

 

School size model. 

Logistic regressions adding school size to the demographic model yielded similar 

results to those of the demographic model (Table 44, Table 45, and Table 46). Although 

significant, there was no substantial change directly to the prediction equation from 

incorporating school size in any of the grade-level models. The classification tables 

resulting from selection of .49 for the grade 5 model, .50 for the grade 8 model using both 

Table 44 

School size projection model, controlling for demographics, predicting student 

proficiency in grade 5. 

 B SE df p-value 

Intercept -90.376 0.888 1 <.001 

Grade 3 0.086 0.002 1 <.001 

Grade 4 0.132 0.002 1 <.001 

LEP 0.098 0.061 1 .109 

SPED -0.443 0.045 1 <.001 

FRP -0.309 0.030 1 <.001 

AMI -0.353 0.092 1 <.001 

API 0.406 0.060 1 <.001 

HIS -0.104 0.057 1 .068 

BLK -0.147 0.052 1 .004 

School Size 0.000 0.000 1 <.001 

-2 Log Likelihood 34422.49    

Nagelkerke R
2 

.658    
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Table 45 

School size projection model, controlling for demographics, predicting student 

proficiency in grade 8 using grade 6 and grade 7 prior scores. 

 B SE df p-value 

Intercept -214.362 2.136 1 <.001 

Grade 6 0.079 0.002 1 <.001 

Grade 7 0.218 0.003 1 <.001 

LEP 0.241 0.078 1 .002 

SPED -0.432 0.053 1 <.001 

FRP -0.314 0.036 1 <.001 

AMI -0.321 0.167 1 .054 

API 0.270 0.094 1 .004 

HIS -0.174 0.104 1 .097 

BLK -0.266 0.101 1 .009 

FRP*AMI 0.256 0.213 1 .230 

FRP*API 0.327 0.122 1 .007 

FRP*HIS 0.178 0.127 1 .159 

FRP*BLK 0.436 0.121 1 <.001 

School Size 0.000 0.000 1 <.001 

-2 Log Likelihood 33882.821    

Nagelkerke R
2 

.662    

 

Table 46 

School size projection model, controlling for demographics, predicting student 

proficiency in grade 8 using grade 6 prior scores only. 

 B SE df p-value 

Intercept -120.418 1.173 1 <.001 

Grade 6 0.186 0.002 1 <.001 

LEP 0.056 0.072 1 .438 

SPED -0.686 0.048 1 <.001 

FRP -0.435 0.033 1 <.001 

AMI -0.540 0.158 1 .001 

API 0.301 0.086 1 <.001 

HIS -0.236 0.095 1 .013 

BLK -0.368 0.091 1 <.001 

FRP*AMI 0.252 0.201 1 .210 

FRP*API 0.194 0.112 1 .083 

FRP*HIS 0.156 0.116 1 .177 

FRP*BLK 0.316 0.109 1 .004 

School Size 0.000 0.000 1 <.001 

-2 Log Likelihood 39365.510    

Nagelkerke R
2 

.583    
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Table 47 

Classification tables for the school size projection model for grade 5, grade 8 using 

grade 6 and 7 prior scores, and grade 8 using grade 6 prior scores only, using cut values 

of .49, .50, and .48, respectively. 

 True 

Positive 

True 

Negative 

False 

Positive 

False 

Negative 

% 

Correct 

Grade 5 

Model 

29353 14705 4663 3288 84.7 

Grade 8 

Model, Two 

Prior Years  

28521 14957 4514 3226 84.9 

Grade 8 

Model, One 

Prior Year 

28212 13875 5596 3535 82.2 

 

Grade 6 and 7 prior scores, and .48 for the grade 8 model using grade 6 prior scores only 

can be seen in Table 47. By adding the additional school size variable, small changes in 

correct classification rates over the demographic models can be seen. The percentages of 

students considered “on track” using the school size model are reported in Table 48. The 

average school had a predicted proficiency rate of 57.01% (SD = 17.29%) with an 

average rank of 700.72 (SD = 404.51). 

Table 48 

Percentages statewide of students meeting growth targets for the school size projection 

model by grade. 

 Target Not Met Target Met 

Grade N % N % 

4 19137 37.9 31372 62.1 

5 19385 37.3 32643 62.7 

6 20105 39.0 31385 61.0 

7 19520 37.6 32395 62.4 

8 19542 38.1 31757 61.9 

11 18321 40.5 26903 59.5 

All Grades 116010 38.4 186458 61.6 
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School type model. 

Results from the logistic regression models incorporating the demographics, 

school size, and school type can be seen for the grade 5 model (Table 49), the grade 8 

model using both grade 6 and grade 7 prior scores (Table 50), and the grade 8 

Table 49 

School type projection model, controlling for demographics and school size, predicting 

student proficiency in grade 5. 

 B SE Df p-value 

Intercept -90.695 0.892 1 <.001 

Grade 3 0.087 0.002 1 <.001 

Grade 4 0.132 0.002 1 <.001 

LEP 0.098 0.061 1 .110 

SPED -0.443 0.045 1 <.001 

FRP -0.297 0.030 1 <.001 

AMI -0.326 0.092 1 <.001 

API 0.394 0.061 1 <.001 

HIS -0.116 0.057 1 .044 

BLK -0.171 0.052 1 <.001 

School Size 0.000 0.000 1 <.001 

MID -0.354 0.041 1 <.001 

HIGH -1.755 0.212 1 <.001 

-2 Log Likelihood 34285.74    

Nagelkerke R
2 

.660    

 

model using only grade 6 prior scores (Table 51). Across all grade-level models, students 

at elementary schools were found more likely to be predicted as proficient than students 

at middle or high schools. Table 52 shows the classification tables for using the cut 

values of .49, .50, and .49 for the school type models for grade 5, grade 8 using grade 6 

and grade 7 prior scores, and grade 8 using grade 6 prior scores only, respectively. There 

was again a slight improvement in overall correct classification when including school 

type. The percentage of students predicted to be proficient by grade and overall is 

reported in Table 53.  
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Table 50 

School type projection model, controlling for demographics and school size, predicting 

student proficiency in grade 8 using grade 6 and 7 prior scores. 
 B SE Df p-value 

Intercept -214.196 2.143 1 <.001 

Grade 6 0.080 0.002 1 <.001 

Grade 7 0.217 0.003 1 <.001 

LEP 0.231 0.078 1 .003 

SPED -0.430 0.053 1 <.001 

FRP -0.284 0.036 1 <.001 

AMI -0.307 0.166 1 .064 

API 0.235 0.095 1 .013 

HIS -0.194 0.105 1 .064 

BLK -0.306 0.102 1 .003 

FRP*AMI 0.237 0.212 1 .265 

FRP*API 0.311 0.123 1 .011 

FRP*HIS 0.142 0.127 1 .264 

FRP*BLK 0.390 0.121 1 .001 

School Size 0.000 0.000 1 <.001 

MID -0.201 0.074 1 .007 

HIGH -0.592 0.078 1 <.001 

-2 Log Likelihood 33751.04    

Nagelkerke R
2 

.664    

 

Table 51 

School type projection model, controlling for demographics and school size, predicting 

student proficiency in grade 8 using grade 6 prior scores only. 
 B SE Df p-value 

Intercept -120.536 1.179 1 <.001 

Grade 6 0.187 0.002 1 <.001 

LEP 0.033 0.072 1 .649 

SPED -0.682 0.048 1 <.001 

FRP -0.399 0.033 1 <.001 

AMI -0.532 0.158 1 .001 

API 0.261 0.086 1 .002 

HIS -0.260 0.096 1 .007 

BLK -0.417 0.091 1 <.001 

FRP*AMI 0.225 0.200 1 .261 

FRP*API 0.174 0.112 1 .121 

FRP*HIS 0.114 0.116 1 .325 

FRP*BLK 0.260 0.109 1 .017 

School Size 0.000 0.000 1 <.001 

MID -0.263 0.067 1 <.001 

HIGH -0.726 0.071 1 <.001 

-2 Log Likelihood 39146.308    

Nagelkerke R
2 

.586    



 96 

 

The mean school percentage of students considered “on track” was 57.59% (SD = 

17.51%) with a mean rank of 700.71 (SD = 404.51). 

Table 52 

Classification tables for the school type projection models for grade 5, grade 8 using 

grade 6 and 7 prior scores, and grade 8 using grade 6 prior scores only, using  cut 

values of .49, .50, and .49, respectively. 

 True 

Positive 

True 

Negative 

False 

Positive 

False 

Negative 

% 

Correct 

Grade 5 

Model 

29348 14702 4666 3293 84.7 

Grade 8 

Model, Two 

Prior Years 

28540 14989 4482 3207 85.0 

Grade 8 

Model, One 

Prior Year 

28085 14064 5407 3662 82.3 

 

Table 53 

Percentages statewide of students meeting growth targets for the school type projection 

model by grade. 

 Target Not Met Target Met 

Grade N % N % 

4 19004 37.6 31505 62.4 

5 19385 37.3 32643 62.7 

6 16691 32.4 34799 67.6 

7 20803 40.1 31115 59.9 

8 19542 38.1 31757 61.9 

11 18321 40.5 26903 59.5 

All Grades 113746 37.6 188722 62.4 

 

Comparison of projection models. 

A Friedman ANOVA (Friedman, 1937) comparing the school ranks for the four 

projection models found a statistically significant difference (Χ
2
(3) = 106.681, p < .001). 

Post hoc Wilcoxon signed-rank tests were run, using a Bonferroni correction to determine 

significance (α = .008), and revealed that all pairings of rank order produced by the 

projection models were significantly different (Table 54).  
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Table 54 

Post hoc Wilcoxon signed-rank tests for the rank order of schools in the four projection 

models. A Bonferroni correction was applied, making α = .008. 

 Baseline Demographics School Size 

 Z p Z p Z p 

Demographics -3.489 <.001* -- --   

School Size -2.910 .004* -2.875 .004* -- -- 

School Type -3.305 .001* -4.378 <.001* -3.794 <.001* 

Note: *p<.008. 

 

Log likelihood ratio tests comparing the four nested models revealed that the 

sequential models including student demographics, school size, and school type 

continued to significantly improve the model for all three grade level models (Table 55).  

Table 55 

Log likelihood ratio tests for the projection models for each grade. 

 Model 

Comparison 

-2 Log 

Likelihood 

Df p-value 

Grade 5     

 Baseline (1)  34814.01 2  

 Demographics (2) 1 vs. 2 34460.83 9 <.001 

 School Size (3) 2 vs. 3 34422.49 10 <.001 

 School Type (4) 3 vs. 4 34285.74 11 <.001 

Grade 8, Two Prior Years     

 Baseline (5)  34342.90 2  

 Demographics + FRP Interactions 

(6) 

5 vs. 6 34056.58 12 <.001 

 School Size (7) 6 vs. 7 33882.82 13 <.001 

 School Type (8) 7 vs. 8 33751.04 14 <.001 

Grade 8, One Prior Year     

 Baseline (9)  40158.538 1  

 Demographics (10) 9 vs. 10 39542.871 11 <.001 

 School Size (11) 10 vs. 11 39365.510 12 <.001 

 School Type (12) 11 vs. 12 39146.308 13 <.001 

 

As can be seen in Table 56, the quartile in which a school ranks (with quartile 1 

representing higher-performing schools) is fairly consistent for each of the other 

projection models and the school type projection model.  
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Table 56 

Counts of whether schools were ranked in the same quartile for the school type 

projection model and the baseline (all student) and other projection models. 

 School Type 

Quartile 1 

School Type 

Quartile 2 

School Type 

Quartile 3 

School Type 

Quartile 4 

Baseline Quartile 1 319 31 0 0 

Baseline Quartile 2 31 277 42 0 

Baseline Quartile 3 0 42 282 28 

Baseline Quartile 4 0 0 26 323 

Demographic Quartile 1 334 16 0 0 

Demographic Quartile 2 16 302 32 0 

Demographic Quartile 3 0 32 299 21 

Demographic Quartile 4 0 0 20 329 

School Size Quartile 1 329 21 0 0 

School Size Quartile 2 21 306 23 0 

School Size Quartile 3 0 23 305 24 

School Size Quartile 4 0 0 22 327 

 

Student Growth Percentiles 

 Baseline model. 

 The SGP R package (Betebenner, Iwaarden, Domingue, & Shang, 2014) was used 

to calculate individual student growth percentiles based on one year (grade 4) or two 

years (grades 5 through 8 and grade 11) of prior test scores. The mean and median 

student growth percentile by student group for the baseline model can be seen in Table 

57. The descriptive statistics regarding average school student growth percentile and 

rank, using both mean and median student growth percentiles, can be seen in Table 58. 

Demographic model. 

Four separate demographic models (LEP, SPED, FRP, and race/ethnicity) were run using 

the SGP R package (Betebenner, Iwaarden, Domingue, & Shang, 2014). The mean and 

median student growth percentile for student groups using each of these demographic 

models can be seen in Table 57. In general, the mean and median student growth   
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Table 57 

Mean and median student growth percentiles by student group for the baseline and 

demographic models statewide. 
 Mean Median 

Group Baseline LEP SPED FRP Race Baseline LEP SPED FRP Race 

All Student 49.92 49.90 49.90 49.90 49.86 50 50 50 50 50  

LEP 49.94 49.65 48.77 51.26 49.92 49 50 48 52 49  

Non-LEP 49.65 49.92 49.97 49.82 48.99 50 50 50 50 50  

SPED 43.38 43.46 49.74 43.33 43.31 41 41 50 41 41  

Non-SPED 50.63 50.61 49.92 50.61 50.58 51 51 50 50 50  

FRP 46.85 46.87 46.78 49.88 47.22 45 46 45 50 46  

Non-FRP 51.49 51.45 51.50 49.91 51.21 52 52 52 50 52  

AMI 42.65 42.71 42.71 43.91 49.20 39 39 39.5 41 49  

API 55.01 55.02 54.61 55.76 49.72 57 57 56 58 50  

HIS 46.95 46.96 46.58 48.48 49.72 45 45 45 47 50  

BLK 46.89 46.96 46.42 48.46 49.74 46 46 45 48 50  

WHT 50.23 50.20 50.32 49.81 49.92 50 50 50 50 50  

 

percentiles were similar across the various models. The descriptive statistics for average 

school student growth percentile and rank for both the mean and median aggregation 

methods can be seen in Table 58. Again, a fair amount of consistency is seen across the 

aggregation method and the demographic/baseline models. 

Table 58 

Descriptive statistics for the baseline (all student) and demographic median and mean 

student growth percentile models. 
 Median SGP Mean SGP Median Model Rank Mean Model Rank 

 M SD M SD M SD M SD 

All Student  48.02 13.18 48.52 9.60 690.42 405.06 700.99 404.57 

LEP 48.05 13.18 48.51 9.58 690.69 405.01 700.99 505.58 

SPED 48.01 13.24 48.51 9.63 690.63 405.02 700.99 404.57 

FRP 48.28 13.06 48.70 9.51 690.71 405.17 701.00 404.58 

Race/Ethnicity 48.17 13.08 48.56 9.51 690.32 405.00 700.99 404.58 

 

Pearson correlations among the demographic models’ and baseline’s growth estimates 

and Spearman correlations among the ranks can be found in Table 59, which shows very 

high correspondence between all models and ranks. 
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Table 59 

Pearson correlations among the school mean and median growth percentiles for the 

baseline (all student) model and each demographic model are presented below the 

diagonal. Spearman correlations among ranks are reported above the diagonal. 

 1 2 3 4 5 6 7 8 9 10 

1 1 1.00 .998 .995 .994 .985 .985 .984 .979 .978 

2 .998 1 .998 .995 .995 .985 .985 .984 .979 .979 

3 .995 .996 1 .991 .992 .983 .983 .986 .975 .976 

4 .994 .995 .992 1 .993 .980 .980 .978 .985 .978 

5 .994 .995 .992 .993 1 .980 .980 .979 .978 .984 

6 .983 .983 .981 .979 .978 1 .999 .994 .989 .990 

7 .983 .983 .980 .979 .978 .999 1 .994 .989 .990 

8 .983 .983 .984 .977 .977 .995 .994 1 .983 .986 

9 .978 .978 .974 .983 .977 .990 .990 .985 1 .987 

10 .977 .977 .974 .976 .983 .990 .990 .987 .988 1 

Note: All correlations significant at the .01 level. 1=All student mean model, 2=LEP mean 

model, 3=SPED mean model, 4=FRP mean model, 5=Race/ethnicity mean model, 6=All student 

median model, 7=LEP median model, 8=SPED median model, 9=FRP median model, 

10=Race/ethnicity median model. 
 

School size model. 

 Correlation of school size with the baseline (all student) and each demographic 

model’s school growth estimates and ranks all showed a small but significant relationship 

with school size (Table 60). Using Fisher’s r-z transforms for dependent measures, the 

correlation coefficients were found to be significantly different from each other for the 

FRP model with the other models’ growth estimates (Table 61). The majority of the rank 

correlations were found to be significantly different (Table 61). 

Table 60 

Correlations among growth estimates and school ranks for the baseline and demographic 

student growth percentile models and school size. 

 Median SGP 

Growth 

Mean SGP 

Growth 

Median SGP 

Rank 

Mean SGP 

Rank 

All Student .160 .165 -.198 -.200 

LEP .160 .164 -.198 -.199 

SPED .155 .161 -.192 -.194 

FRP .148 .149 -.182 -.181 

Race/Ethnicity .151 .159 -.188 -.194 
Note: All correlations significant at the .01 level. 
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Table 61 

Tests for significant differences between correlations among the growth estimates for the 

baseline and demographic models of the student growth percentile model and school size 

are reported above the diagonal using Fisher’s r-z transforms for dependent data. Tests 

for significant differences between the correlations of school rank are above the 

diagonal. T-values are reported in the table. 
 1 2 3 4 5 6 7 8 9 10 

1 -- 0.44 0.00 0.22 -2.09* -0.83 -4.13* -3.25* -2.70* -0.76 

2 -1.03 -- -0.44 0.00 -1.71 -3.64* -3.36* -7.38* -2.18* -2.09* 

3 0.00 1.03 -- 0.22 -2.09* -0.83 -4.13* -3.25* -2.70* -0.76 

4 -0.82 0.60 -0.82 -- -1.49 -3.02* -3.17* -6.97* -2.05* -1.91 

5 1.89 2.05* 1.73 1.85 -- 0.46 -2.07* -2.51* -0.91 0.36 

6 -0.19 1.51 -0.19 1.27 -1.27 -- -2.05* -3.93* -1.04 0.00 

7 3.22* 3.07* 3.22* 2.89* 1.53 2.16* -- -0.22 1.42 2.18* 

8 2.03* 5.58* 2.03* 5.73* 1.06 3.60* -0.20 -- 1.27 4.21* 

9 2.41* 2.47* 2.41* 2.29* 0.94 1.66 -0.73 -0.34 -- 1.28 

10 0.18 2.07* 0.18 1.89 -0.70 0.60 -1.94 -3.20* -1.64 -- 

Note: *p<.05, 1=All student median, 2=All student mean, 3=LEP median, 4=LEP mean, 

5=SPED median, 6=SPED mean, 7=FRP median, 8=FRP mean, 9=Race/ethnicity 

median, 10=Race/ethnicity mean. 
 

School type model. 

 The correlations of school type with the baseline (all student) and each 

demographic model’s average student growth percentile and rank can be found in Table 

62. Statistical comparisons of the correlation coefficients revealed significant differences 

only with the free/reduced priced lunch model (Table 63). 

Table 62 

Spearman correlations among growth estimates and school ranks for the baseline and 

demographic student growth percentile models and school type. 

 Median SGP 

Growth 

Mean SGP 

Growth 

Median SGP 

Rank 

Mean SGP 

Rank 

All Student -.182 -.181 .182 .181 

LEP -.182 -.180 .182 .180 

SPED -.182 -.180 .182 .180 

FRP -.186 -.186 .186 .186 

Race/Ethnicity -.182 -.182 .182 .182 

Note: All correlations significant at the .01 level. 
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Table 63 

Tests for significant differences between correlations among the growth estimates for the 

baseline and demographic models of the student growth percentile model and school type 

are reported above the diagonal using Fisher’s r-z transforms for dependent data. Tests 

for significant differences between the correlations of school rank are above the 

diagonal. T-values are reported in the table. 
 1 2 3 4 5 6 7 8 9 10 

All 

Median 

(1) 

-- 0.22 0.00 0.44 0.00 0.41 -1.03 -.076 0.00 0.00 

All Mean 

(2) 

-0.21 -- -0.22 0.00 -0.21 0.60 -0.93 -1.94 -0.18 -0.35 

LEP 

Median 

(3) 

0.00 0.21 -- 0.44 0.00 0.41 -1.03 -0.76 0.00 0.00 

LEP 

Mean (4) 

-0.41 -0.60 -0.41 -- -0.43 0.00 -1.11 -2.29* -0.37 -0.76 

SPED 

Median 

(5) 

0.00 0.21 0.00 0.41 -- 0.45 -0.83 -0.91 0.00 0.00 

SPED 

Mean (6) 

-0.39 -0.38 -0.38 0.00 -0.42 -- -0.68 -1.81 -0.35 -0.64 

FRP 

Median 

(7) 

1.07 0.91 1.07 1.09 0.88 0.67 -- 0.00 0.94 0.73 

FRP 

Mean (8) 

0.74 1.73 0.74 2.28* 0.71 1.80 0.00 -- 0.73 1.29 

Race 

Median 

(9) 

0.00 0.18 0.00 0.35 0.00 0.33 -0.98 -0.69 -- 0.00 

Race 

Mean 

(10) 

0.00 0.35 0.00 0.76 0.00 0.60 -0.71 -1.28 0.00 -- 

Note: *p<.05. 

Comparison of student growth percentile models. 

 A Friedman ANOVA (Friedman, 1937) found significant differences in the ranks 

when comparing the baseline and demographic models for both the mean (Χ
2
(4) = 

145.35, p < .001) and median (Χ
2
(4) = 94.63, p < .001) student growth percentiles. Post 

hoc Wilcoxon signed-rank tests revealed significant differences in ranks for most of the 

mean student growth percentile models (Table 64). Comparisons of median student 
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growth percentiles revealed significant differences in ranks among the baseline, limited 

English proficient, and race/ethnicity models (Table 65). 

Table 64 

Post hoc Wilcoxon signed-rank tests for the baseline and demographic mean student 

growth percentile models. A Bonferroni correction was applied, making α = .005. 

 Baseline Mean LEP Mean SPED Mean FRP Mean 

 Z p Z P Z p Z P 

LEP Mean -3.79 <.001* -- --     

SPED Mean -0.08 .941 -1.21 .224 -- --   

FRP Mean -2.53 <.001* -2.36 .018 -3.45 .001* -- -- 

Race Mean -6.04 <.001* -5.97 <.001* -5.17 <.001* -3.68 <.001* 

Note: *p<.005. 

Table 65 

Post hoc Wilcoxon signed-rank tests for the baseline and demographic median student 

growth percentile models. A Bonferroni correction was applied, making α = .005. 

 Baseline Median LEP Median SPED 

Median 

FRP Median 

 Z p Z P Z p Z p 

LEP Median -3.83 <.001* -- --     

SPED Median -2.05 .040 -0.71 .476 -- --   

FRP Median -2.46 .014 -2.32 .021 -2.76 .006 -- -- 

Race Median -3.91 <.001* -3.81 <.001* -2.58 .010 -2.77 .006 

Note: *p<.005. 

 A comparison of the mean and median growth model’s quartile (with quartile 1 

being the highest-ranking schools) within model type revealed that, in general, schools 

were ranked similarly using the mean or the median (Table 66). The final selected model  

Table 66 

Determination of whether schools were ranked in the same quartile when looking at the 

mean and median student growth percentile models for the baseline (all student) model 

and each of the demographic models. 

Model Count of Schools in Same 

Quartile 

Percent of Schools in 

Same Quartile 

All Student (Baseline) 1199 85.6 

LEP 1202 85.8 

SPED 1206 86.1 

FRP 1217 86.9 

Race/Ethnicity 1208 86.2 
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for student growth percentiles was the median special education model. The quartile in 

which a school ranks (with quartile 1 representing higher performing schools) is fairly 

consistent for each of the other median student growth percentile models and the special 

education median student growth percentile model (Table 67). 

Table 67 

Counts of whether schools were ranked in the same quartile for the special education 

(SPED) median student growth percentile model and the baseline (all student) and other 

median student growth percentile models. 

 SPED 

Quartile 1 

SPED 

Quartile 2 

SPED 

Quartile 3 

SPED 

Quartile 4 

Baseline Quartile 1 351 14 0 0 

Baseline Quartile 2 15 324 23 0 

Baseline Quartile 3 0 25 295 32 

Baseline Quartile 4 0 0 4 318 

LEP Quartile 1 351 14 0 0 

LEP Quartile 2 19 321 22 0 

LEP Quartile 3 0 29 286 37 

LEP Quartile 4 0 0 11 311 

FRP Quartile 1 346 19 0 0 

FRP Quartile 2 36 273 53 0 

FRP Quartile 3 0 28 282 42 

FRP Quartile 4 0 0 24 298 

Race/Ethnicity Quartile 1 349 16 0 0 

Race/Ethnicity Quartile 2 26 304 32 0 

Race/Ethnicity Quartile 3 0 30 278 44 

Race/Ethnicity Quartile 4 0 0 20 302 

 

Hierarchical Linear Model 

 An unconditional model was run in order to determine the appropriateness of 

using multilevel modeling with these data for grade 5 (Table 68) and grade 8 (Table 69). 

In both grades, a substantial proportion of the variance was found to be between schools 

(�̂� = .180 for grade 5 and �̂� = .183 for grade 8). Therefore, hierarchical linear modeling 

was implemented to estimate school-level growth. 
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Table 68 

Results of unconditional model for grade 5. 

Fixed Effect  Coefficient se  

Average School Mean, γ00  551.415 0.198  

Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 28.656 817 10631.309 <.001 

Level-1 Effect, rij 130.625    

 

Table 69 

Results of unconditional model for grade 8. 

Fixed Effect  Coefficient se  

Average School Mean, γ00  850.497 0.264  

Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 32.351 528 10204.310 <.001 

Level-1 Effect, rij 144.226    

 

 Baseline model. 

 A comparison of the unconditional models with a baseline model that only 

allowed for random intercepts and a baseline model that allowed for random intercepts 

and random slopes was completed (Table 70). In each case, it was found that the random 

intercept and slopes model was statistically better, and it was therefore selected as the 

best baseline model. Results for grade 5, grade 8 using both grade 6 and grade 7 prior 

years’ scores, and grade 8 using grade 6 prior scores only can be found in Table 71, Table 

72, and Table 73, respectively. The resulting percentages of students meeting their 

proficiency targets by grade and across the state are shown in Table 74. The average 

school had a predicted proficiency rate of 57.15% (SD = 18.50%) with an average rank of 

700.77 (SD = 404.53). 
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Table 70 

Comparison of models considered for grade 5 and both grade 8 baseline models. 

 Model 

Comparison 

Deviance Estimated 

Parameters 

p-value 

Grade 5     

 Unconditional (1)  403195.977 2  

 Random Intercept (2) 1 vs. 2 333447.274 5 <.001 

 Random Intercept and Slope (3) 2 vs. 3 332933.652 14 <.001 

Grade 8, Two Prior Years     

 Unconditional (4)  401987.208 2  

 Random Intercept (5) 4 vs. 5 332470.147 5 <.001 

 Random Intercept and Slope (6) 5 vs. 6 331813.473 14 <.001 

Grade 8, One Prior Year     

 Unconditional (7)  401987.208 2  

 Random Intercept (8) 7 vs. 8 348552.185 3 <.001 

 Random Intercept and Slope (9) 8 vs. 9 348280.889 7 <.001 

 

Table 71 

Results of final baseline model for grade 5—random intercepts and slope. 
Fixed Effect  Coefficient Se  

Average School Mean, γ00  551.287 0.206  

Grade 3, γ10  0.286 0.004  

Grade 4, γ20  0.460 0.004  

Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 33.695 815 43108.509 <.001 

Grade 3 Slope, μ1j 0.005 815 1238.693 <.001 

Grade 4 Slope, μ2j 0.004 815 1319.918 <.001 

Level-1 Effect, rij 32.514    

 

Table 72 

Results of final baseline model for grade 8 using grade 6 and 7 prior scores—random 

intercepts and slope. 
Fixed Effect  Coefficient Se  

Average School Mean, γ00  850.306 0.290  

Grade 6, γ10  0.303 0.005  

Grade 7, γ20  0.750 0.008  

Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 6.579 522 42484.406 <.001 

Grade 6 Slope, μ1j 0.061 522 761.948 <.001 

Grade 7 Slope, μ2j 0.120 522 967.948 <.001 

Level-1 Effect, rij 5.971    
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Table 73 

Results of final baseline model for grade 8 using grade 6 prior scores only—random 

intercepts and slope. 
Fixed Effect  Coefficient Se  

Average School Mean, γ00  850.322 0.285  

Grade 6, γ10  0.783 0.005  

Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 41.121 525 30436.057 <.001 

Grade 6 Slope, μ1j 0.005 525 1229.333 <.001 

Level-1 Effect, rij 49.644    

 

Table 74 

Percentages statewide of students meeting growth targets for the baseline hierarchical 

linear model by grade. 

 Target Not Met Target Met 

Grade N % N % 

4 19896 39.4 30613 60.6 

5 19385 37.3 32643 62.7 

6 16291 31.6 35199 68.4 

7 20071 38.7 31847 61.3 

8 19542 38.1 31757 61.9 

11 18321 40.5 26903 59.5 

All Grades 113506 37.5 188962 62.5 

 

Demographic model. 

 Several demographic models were compared to determine which would be the 

final model incorporating demographics (Table 75). For each of the grade levels, the final 

demographic model included the baseline models using random slopes and intercepts 

related to prior years’ scale scores as well as interactions of demographic variables and 

random slopes for the demographic variables (Table 76, Table 77, Table 78, Table 79, 

Table 80, and Table 81). The percentage of students “on track” by grade and across all 

grades can be seen in Table 82. On average, schools had a predicted proficiency rate of 

57.04% (SD = 18.18%) and an average rank of 700.67 (SD = 404.49). 
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Table 75 

Comparison of models considered for grade 5 and both grade 8 demographic models. 
 Model 

Comparison 

Deviance Estimated 

Parameters 

p-value 

Grade 5     

 Demographics (1)  331372.746 21  

 Demographics with Random Slopes (2) 1 vs. 2 331097.542 119 <.001 

 Demographics with Interactions (3) 1 vs. 3 331244.528 32 <.001 

 Demographics + SPED Interactions (4) 3 vs. 4  331320.212 25 ns 

  Demographics with Random Slopes and 

  Interactions (5) 

2 vs. 5 

3 vs. 5 

330974.945 131 <.001 

<.001 

Grade 8, Two Prior Years     

 Demographics (1)  330257.402 21  

 Demographics with Random Slopes (2) 1 vs. 2 330027.996 119 <.001 

Demographics with Interactions (3) 1 vs. 3 330118.412 32 <.001 

Demographics + LEP and FRP 

Interactions (4) 

3 vs. 4 330166.473 29 Ns 

Demographics with Random Slopes and 

Interactions (5) 

2 vs. 5 

4 vs. 5 

329895.706 131 <.001 

<.001 

Grade 8, One Prior Year     

 Demographics (1)  345891.528 14  

 Demographics with Random Slopes (2) 1 vs. 2 345629.387 98 <.001 

 Demographics with Interactions (3) 1 vs. 3 345731.612 26 <.001 

Demographics + LEP and SPED 

Interactions (4) 

3 vs. 4 345763.379 23 Ns 

Demographics with Random Slopes and 

Interactions 

2 vs. 5 

4 vs. 5 

345476.115 109 <.001 

<.001 
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Table 76 

Results of fixed effects of the final demographic model for grade 5—all demographic 

interactions and demographics with random slopes. 
Fixed Effect  Coefficient Se  

Average School Mean, γ00  558.357 0.539  

Grade 3, γ10  0.275 0.004  

Grade 4, γ20  0.447 0.004  

LEP, γ01  -2.863 6.124  

SPED, γ02  -7.477 3.464  

FRP, γ03  -11.973 1.305  

AMI, γ04  -11.318 4.412  

API, γ05  9.629 3.227  

HIS, γ06  -3.353 6.780  

BLK, γ07  6.174 5.384  

LEP*AMI, γ08  -59.465 85.466  

LEP*API, γ09  -2.891 8.204  

LEP*HIS, γ010  1.797 7.741  

LEP*BLK, γ011  5.585 6.801  

SPED*AMI, γ012  19.564 13.761  

SPED*API, γ013  -11.830 15.391  

SPED*HIS, γ014  -22.923 12.348  

SPED*BLK, γ015  -6.420 5.879  

FRP*AMI, γ016  6.008 6.318  

FRP*API, γ017  -6.750 5.820  

FRP*HIS, γ018  6.131 8.228  

FRP*BLK, γ019  -9.964 6.568  

LEP, γ30  -0.684 0.528  

SPED, γ40  -1.795 0.127  

FRP, γ50  -0.896 0.071  

AMI, γ60  -0.840 0.380  

API, γ70  0.798 0.162  

HIS, γ80  -0.455 0.221  

BLK, γ90  -0.625 0.195  

LEP*AMI, γ100  1.228 2.480  

LEP*API, γ110  0.504 0.601  

LEP*HIS, γ120  -0.070 0.587  

LEP*BLK, γ130  1.056 0.606  

SPED*AMI, γ140  -0.730 0.549  

SPED*API, γ150  0.285 0.424  

SPED*HIS, γ160  -0.399 0.377  

SPED*BLK, γ170  -0.075 0.342  

FRP*AMI, γ180  0.431 0.484  

FRP*API, γ190  0.165 0.235  

FRP*HIS, γ200  0.501 0.281  

FRP*BLK, γ210  -0.019 0.236  
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Table 77 

Results of fixed effects of the final demographic model for grade 8 using grade 6 and 7 

prior scores—all demographic interactions and demographics with random slopes. 
Fixed Effect  Coefficient Se  

Average School Mean, γ00  858.898 0.746  

Grade 6, γ10  0.300 0.005  

Grade 7, γ20  0.732 0.008  

LEP, γ01  36.392 14.451  

SPED, γ02  -13.400 3.621  

FRP, γ03  -16.830 2.184  

AMI, γ04  -20.261 13.712  

API, γ05  9.171 5.514  

HIS, γ06  -8.663 12.588  

BLK, γ07  3.340 9.898  

LEP*AMI, γ08  348.878 301.780  

LEP*API, γ09  -44.633 16.031  

LEP*HIS, γ010  -27.929 16.087  

LEP*BLK, γ011  -38.808 15.587  

SPED*AMI, γ012  10.771 17.089  

SPED*API, γ013  -16.538 24.273  

SPED*HIS, γ014  9.353 20.412  

SPED*BLK, γ015  -5.171 7.244  

FRP*AMI, γ016  17.989 16.255  

FRP*API, γ017  0.745 7.438  

FRP*HIS, γ018  0.895 14.779  

FRP*BLK, γ019  -0.372 11.503  

LEP, γ30  0.919 0.662  

SPED, γ40  -1.622 0.169  

FRP, γ50  -0.762 0.079  

AMI, γ60  -0.926 0.356  

API, γ70  1.149 0.163  

HIS, γ80  -0.551 0.222  

BLK, γ90  -0.563 0.238  

LEP*AMI, γ100  1.278 1.946  

LEP*API, γ110  -0.693 0.732  

LEP*HIS, γ120  -0.607 0.719  

LEP*BLK, γ130  0.337 0.873  

SPED*AMI, γ140  0.233 0.808  

SPED*API, γ150  1.188 0.522  

SPED*HIS, γ160  -0.622 0.527  

SPED*BLK, γ170  -0.860 0.517  

FRP*AMI, γ180  0.636 0.424  

FRP*API, γ190  0.573 0.237  

FRP*HIS, γ200  0.165 0.274  

FRP*BLK, γ210  0.357 0.302  
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Table 78 

Results of fixed effects of the final demographic model for grade 8 using grade 6 prior 

scores only—all demographic interactions and demographics with random slopes. 
Fixed Effect  Coefficient Se  

Average School Mean, γ00  858.799 0.710  

Grade 6, γ10  0.749 0.005  

LEP, γ01  34.199 12.956  

SPED, γ02  -11.671 3.732  

FRP, γ03  -16.018 2.031  

AMI, γ04  -20.110 13.477  

API, γ05  9.211 5.487  

HIS, γ06  -9.210 12.313  

BLK, γ07  2.738 9.976  

LEP*AMI, γ08  562.913 284.429  

LEP*API, γ09  -42.034 14.584  

LEP*HIS, γ010  -24.936 14.840  

LEP*BLK, γ011  -36.336 14.448  

SPED*AMI, γ012  10.337 17.757  

SPED*API, γ013  -16.899 23.965  

SPED*HIS, γ014  8.306 20.560  

SPED*BLK, γ015  -5.028 7.524  

FRP*AMI, γ016  18.511 16.987  

FRP*API, γ017  0.154 7.276  

FRP*HIS, γ018  2.160 14.524  

FRP*BLK, γ019  1.057 11.637  

LEP, γ20  0.562 0.780  

SPED, γ30  -3.084 0.208  

FRP, γ40  -1.342 0.091  

AMI, γ50  -1.440 0.477  

API, γ60  1.587 0.217  

HIS, γ70  -0.837 0.287  

BLK, γ80  -1.102 0.244  

LEP*AMI, γ90  6.030 4.039  

LEP*API, γ100  -0.848 0.879  

LEP*HIS, γ110  -1.301 0.805  

LEP*BLK, γ120  0.758 0.961  

SPED*AMI, γ130  0.376 1.003  

SPED*API, γ140  1.535 0.738  

SPED*HIS, γ150  -0.332 0.626  

SPED*BLK, γ160  -1.431 0.574  

FRP*AMI, γ170  0.355 0.543  

FRP*API, γ180  0.540 0.308  

FRP*HIS, γ190  0.102 0.342  

FRP*BLK, γ200  -0.043 0.313  
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Table 79 

Results of random effects of the final demographic model for grade 5—all demographic 

interactions and demographics with random slopes. 

Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 13.442 142 2133.060 <.001 

Grade 3 Slope, μ1j 0.004 161 227.347 .001 

Grade 4 Slope, μ2j 0.004 161 249.576 <.001 

LEP Slope, μ3j 3.562 161 219.048 .002 

SPED Slope, μ4j 3.816 161 242.884 <.001 

FRP Slope, μ5j 0.172 161 179.624 .150 

AMI Slope, μ6j 3.435 161 216.839 .004 

API Slope, μ7j 1.141 161 212.978 .004 

HIS Slope, μ8j 1.596 161 184.234 .101 

BLK Slope, μ9j 1.160 161 180.392 .141 

Level-1 Effect, rij 31.275    

 

Table 80 

Results of random effects of the final demographic model for grade 8 using grade 6 and 7 

prior scores—all demographic interactions and demographics with random slopes. 

Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 19.214 93 2894.175 <.001 

Grade 6 Slope, μ1j 0.004 112 147.863 .013 

Grade 7 Slope, μ2j 0.013 112 239.097 <.001 

LEP Slope, μ3j 2.224 112 181.723 <.001 

SPED Slope, μ4j 4.412 112 230.009 <.001 

FRP Slope, μ5j 0.226 112 123.693 .212 

AMI Slope, μ6j 2.343 112 111.111 .506 

API Slope, μ7j 0.465 112 97.116 .841 

HIS Slope, μ8j 1.192 112 124.116 .204 

BLK Slope, μ9j 1.800 112 205.915 <.001 

Level-1 Effect, rij 34.670    
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Table 81 

Results of random effects of the final demographic model for grade 8 using grade 6 prior 

scores only—all demographic interactions and demographics with random slopes. 

Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 18.661 93 2209.514 <.001 

Grade 6 Slope, μ1j 0.005 112 349.339 <.001 

LEP Slope, μ2j 2.391 112 150.481 .009 

SPED Slope, μ3j 6.772 112 233.433 <.001 

FRP Slope, μ4j 0.355 112 123.286 .219 

AMI Slope, μ5j 6.103 112 126.858 .160 

API Slope, μ6j 0.949 112 122.213 .240 

HIS Slope, μ7j 1.965 112 131.1495 .104 

BLK Slope, μ8j 1.493 112 176.222 <.001 

Level-1 Effect, rij 47.385    

 

Table 82 

Percentages statewide of students meeting growth targets for the demographic 

hierarchical linear model by grade. 

 Target Not Met Target Met 

Grade N % N % 

4 20547 40.7 29962 59.3 

5 19385 37.3 32643 62.7 

6 16488 32.0 35002 68.0 

7 19874 38.3 32044 61.7 

8 19542 38.1 31757 61.9 

11 18321 40.5 26903 59.5 

All Grades 114157 37.7 188311 62.3 

 

School size model. 

 Addition of the school size variable at level two slightly altered the coefficients 

found for the demographic models (Table 83, Table 84, Table 85, Table 86, Table 87, and 

Table 88). In general, fewer students were predicted to be “on track” when school size 

was included in the model compared to the baseline or demographic model (Table 89). 
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Table 83 

Results of fixed effects of the school size model for grade 5. 
Fixed Effect  Coefficient Se  

Average School Mean, γ00  557.445 0.809  

Grade 3, γ10  0.275 0.004  

Grade 4, γ20  0.447 0.004  

LEP, γ01  -3.556 5.746  

SPED, γ02  -7.116 3.472  

FRP, γ03  -11.033 1.401  

AMI, γ04  -10.069 4.302  

API, γ05  9.195 3.193  

HIS, γ06  -2.843 6.791  

BLK, γ07  5.698 5.356  

LEP*AMI, γ08  -19.868 138.870  

LEP*API, γ09  -1.636 7.935  

LEP*HIS, γ010  2.231 7.447  

LEP*BLK, γ011  6.350 6.420  

SPED*AMI, γ012  19.093 13.627  

SPED*API, γ013  -11.341 15.353  

SPED*HIS, γ014  -23.194 12.220  

SPED*BLK, γ015  -6.563 5.778  

FRP*AMI, γ016  4.225 6.186  

FRP*API, γ017  -7.666 5.768  

FRP*HIS, γ018  4.984 8.192  

FRP*BLK, γ019  -10.174 6.510  

LEP, γ30  -0.683 0.528  

SPED, γ40  -1.797 0.128  

FRP, γ50  -0.880 0.071  

AMI, γ60  -0.918 0.377  

API, γ70  0.801 0.162  

HIS, γ80  -0.451 0.222  

BLK, γ90  -0.624 0.195  

LEP*AMI, γ100  0.274 2.574  

LEP*API, γ110  0.504 0.601  

LEP*HIS, γ120  -0.073 0.587  

LEP*BLK, γ130  1.059 0.606  

SPED*AMI, γ140  -0.822 0.543  

SPED*API, γ150  0.287 0.424  

SPED*HIS, γ160  -0.402 0.376  

SPED*BLK, γ170  -0.074 0.342  

FRP*AMI, γ180  0.528 0.480  

FRP*API, γ190  0.165 0.235  

FRP*HIS, γ200  0.500 0.281  

FRP*BLK, γ210  -0.021 0.236  

School Size, 020  0.001 0.001  
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Table 84 

Results of fixed effects of the school size model for grade 8 using grade 6 and 7 prior 

scores. 
Fixed Effect  Coefficient Se  

Average School Mean, γ00  856.597 0.935  

Grade 6, γ10  0.300 0.005  

Grade 7, γ20  0.733 0.008  

LEP, γ01  30.859 16.499  

SPED, γ02  -12.279 3.483  

FRP, γ03  -13.659 2.272  

AMI, γ04  -17.385 13.880  

API, γ05  8.802 5.001  

HIS, γ06  -10.100 12.788  

BLK, γ07  2.520 10.280  

LEP*AMI, γ08  314.432 313.197  

LEP*API, γ09  -39.209 17.857  

LEP*HIS, γ010  -22.955 18.083  

LEP*BLK, γ011  -32.745 17.519  

SPED*AMI, γ012  6.403 17.220  

SPED*API, γ013  -17.057 23.815  

SPED*HIS, γ014  12.816 20.295  

SPED*BLK, γ015  -5.212 7.572  

FRP*AMI, γ016  13.486 16.468  

FRP*API, γ017  -1.626 6.880  

FRP*HIS, γ018  0.236 14.791  

FRP*BLK, γ019  -1.822 12.098  

LEP, γ30  0.969 0.662  

SPED, γ40  -1.620 0.169  

FRP, γ50  -0.754 0.080  

AMI, γ60  -0.912 0.356  

API, γ70  1.159 0.163  

HIS, γ80  -0.521 0.222  

BLK, γ90  -0.514 0.238  

LEP*AMI, γ100  1.230 1.953  

LEP*API, γ110  -0.708 0.731  

LEP*HIS, γ120  -0.626 0.718  

LEP*BLK, γ130  0.318 0.873  

SPED*AMI, γ140  0.235 0.808  

SPED*API, γ150  1.200 0.522  

SPED*HIS, γ160  -0.622 0.527  

SPED*BLK, γ170  -0.851 0.517  

FRP*AMI, γ180  0.637 0.242  

FRP*API, γ190  0.580 0.237  

FRP*HIS, γ200  0.160 0.274  

FRP*BLK, γ210  0.363 0.302  

School Size, γ020  0.003 0.001  
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Table 85 

Results of fixed effects of the school size model for grade 8 using grade 6 prior scores 

only. 
Fixed Effect  Coefficient Se  

Average School Mean, γ00  856.628 0.910  

Grade 6, γ10  0.749 0.005  

LEP, γ01  28.214 14.545  

SPED, γ02  -10.600 3.612  

FRP, γ03  -12.970 2.139  

AMI, γ04  -16.975 13.534  

API, γ05  9.450 5.067  

HIS, γ06  -11.149 12.411  

BLK, γ07  2.449 10.194  

LEP*AMI, γ08  555.829 287.992  

LEP*API, γ09  -35.975 15.979  

LEP*HIS, γ010  -19.369 16.406  

LEP*BLK, γ011  -29.845 15.897  

SPED*AMI, γ012  5.557 17.942  

SPED*API, γ013  -18.694 23.568  

SPED*HIS, γ014  11.372 20.375  

SPED*BLK, γ015  -5.303 7.732  

FRP*AMI, γ016  13.625 16.077  

FRP*API, γ017  -2.832 6.832  

FRP*HIS, γ018  1.917 14.461  

FRP*BLK, γ019  -0.875 12.068  

LEP, γ20  0.606 0.779  

SPED, γ30  -3.081 0.208  

FRP, γ40  -1.345 0.091  

AMI, γ50  -1.428 0.478  

API, γ60  1.575 0.217  

HIS, γ70  -0.835 0.287  

BLK, γ80  -1.072 0.244  

LEP*AMI, γ90  6.004 4.034  

LEP*API, γ100  -0.854 0.878  

LEP*HIS, γ110  -1.309 0.805  

LEP*BLK, γ120  0.744 0.961  

SPED*AMI, γ130  0.379 1.002  

SPED*API, γ140  1.543 0.738  

SPED*HIS, γ150  -0.330 0.625  

SPED*BLK, γ160  -1.426 0.574  

FRP*AMI, γ170  0.358 0.543  

FRP*API, γ180  0.539 0.308  

FRP*HIS, γ190  0.101 0.342  

FRP*BLK, γ200  -0.039 0.312  

School Size, γ020  0.003 0.001  
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Table 86 

Results of random effects of the school size model for grade 5. 
Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 13.296 141 2120.042 <.001 

Grade 3 Slope, μ1j 0.004 161 227.304 .001 

Grade 4 Slope, μ2j 0.004 161 249.550 <.001 

LEP Slope, μ3j 3.548 161 218.959 .002 

SPED Slope, μ4j 3.821 161 242.747 <.001 

FRP Slope, μ5j 0.181 161 179.771 .148 

AMI Slope, μ6j 3.323 161 213.618 .004 

API Slope, μ7j 1.158 161 213.016 .004 

HIS Slope, μ8j 1.601 161 184.218 .102 

BLK Slope, μ9j 1.171 161 180.403 .141 

Level-1 Effect, rij 31.275    

 

Table 87 

Results of random effects of the school size model for grade 8 using grade 6 and 7 prior 

scores. 
Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 18.516 92 3476.828 <.001 

Grade 6 Slope, μ1j 0.004 112 147.898 .013 

Grade 7 Slope, μ2j 0.014 112 239.641 <.001 

LEP Slope, μ3j 2.236 112 182.337 <.001 

SPED Slope, μ4j 4.420 112 230.032 <.001 

FRP Slope, μ5j 0.230 112 123.788 .210 

AMI Slope, μ6j 2.424 112 111.098 .506 

API Slope, μ7j 0.478 112 97.121 .841 

HIS Slope, μ8j 1.177 112 124.163 .204 

BLK Slope, μ9j 1.810 112 206.331 <.001 

Level-1 Effect, rij 34.669    

 

In this model, an average school had a predicted proficiency rate of 57.97% (SD = 

18.82%) and rank of 700.75 (SD = 404.52). 

School type model. 

 As with the school size model, the addition of dichotomous indicators of school 

type at level two slightly altered the overall model (Table 90, Table 91, Table 92, Table 

93, Table 94, and Table 95). When compared to the school size model, more students 

were found to be “on track” when incorporating school type into the model (Table 96).  
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Table 88 

Results of random effects of the school size model for grade 8 using grade 6 prior scores 

only. 
Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 17.994 92 2567.201 <.001 

Grade 6 Slope, μ1j 0.005 112 349.090 <.001 

LEP Slope, μ2j 2.399 112 151.088 .008 

SPED Slope, μ3j 6.673 112 233.409 <.001 

FRP Slope, μ4j 0.351 112 123.298 .219 

AMI Slope, μ5j 6.132 112 126.884 .159 

API Slope, μ6j 0.947 112 122.141 .541 

HIS Slope, μ7j 1.970 112 131.205 .104 

BLK Slope, μ8j 1.536 112 176.135 <.001 

Level-1 Effect, rij 47.384    

 

Table 89 

Percentages statewide of students meeting growth targets for the school size hierarchical 

linear model by grade. 

 Target Not Met Target Met 

Grade N % N % 

4 19847 39.3 30662 60.7 

5 19385 37.3 32643 62.7 

6 13914 27.0 37576 73.0 

7 16914 32.6 35004 67.4 

8 19542 38.1 31757 61.9 

11 18321 40.5 26903 59.5 

All Grades 107923 35.7 194545 64.3 

 

Schools had an average predicted proficiency rate of 57.04% (SD = 18.98%) and average 

rank of 700.70 (SD = 404.50). 

Comparison of hierarchical linear models. 

 A Friedman ANOVA (Friedman, 1937) revealed significant differences in rank 

between the four hierarchical linear models (Χ
2
(3) = 65.286, p < .001). Follow-up 

Wilcoxon signed-rank tests revealed significant differences in rank between the school 

size model and the demographic and school type models (Table 97). 
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Table 90 

Results of fixed effects of the school type model for grade 5. 
Fixed Effect  Coefficient Se  

Average School Mean, γ00  557.268 0.724  

Grade 3, γ10  0.274 0.004  

Grade 4, γ20  0.447 0.004  

LEP, γ01  -4.319 5.456  

SPED, γ02  -6.804 3.394  

FRP, γ03  -1.842 1.365  

AMI, γ04  -9.818 4.239  

API, γ05  9.078 3.156  

HIS, γ06  -2.071 6.664  

BLK, γ07  5.153 5.289  

LEP*AMI, γ08  -17.075 139.633  

LEP*API, γ09  -1.218 7.700  

LEP*HIS, γ010  1.664 7.308  

LEP*BLK, γ011  8.414 6.322  

SPED*AMI, γ012  17.240 13.759  

SPED*API, γ013  -11.576 15.226  

SPED*HIS, γ014  -25.424 12.146  

SPED*BLK, γ015  -6.732 5.676  

FRP*AMI, γ016  4.108 6.180  

FRP*API, γ017  -7.052 5.729  

FRP*HIS, γ018  5.243 8.058  

FRP*BLK, γ019  -10.015 6.457  

LEP, γ30  -0.679 0.528  

SPED, γ40  -1.796 0.128  

FRP, γ50  -0.894 0.071  

AMI, γ60  -0.918 0.378  

API, γ70  0.801 0.162  

HIS, γ80  -0.447 0.221  

BLK, γ90  -0.635 0.195  

LEP*AMI, γ100  0.266 2.567  

LEP*API, γ110  0.498 0.601  

LEP*HIS, γ120  -0.792 0.587  

LEP*BLK, γ130  1.058 0.606  

SPED*AMI, γ140  -0.829 0.543  

SPED*API, γ150  0.282 0.424  

SPED*HIS, γ160  -0.403 0.376  

SPED*BLK, γ170  -0.074 0.342  

FRP*AMI, γ180  0.527 0.480  

FRP*API, γ190  0.165 0.235  

FRP*HIS, γ200  0.499 0.281  

FRP*BLK, γ210  -0.011 0.236  

School Size, γ020  0.001 0.001  

MID, γ021  -0.057 0.506  

HIGH, γ022  -5.632 1.705  
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Table 91 

Results of fixed effects of the school type model for grade 8 using grade 6 and 7 prior 

scores. 
Fixed Effect  Coefficient Se  

Average School Mean, γ00  857.496 1.139  

Grade 6, γ10  0.300 0.005  

Grade 7, γ20  0.733 0.008  

LEP, γ01  25.596 16.859  

SPED, γ02  -12.240 3.378  

FRP, γ03  12.339 2.366  

AMI, γ04  -18.193 14.056  

API, γ05  7.814 5.315  

HIS, γ06  -9.698 12.533  

BLK, γ07  0.943 10.235  

LEP*AMI, γ08  298.623 305.159  

LEP*API, γ09  -34.420 18.242  

LEP*HIS, γ010  -18.871 18.365  

LEP*BLK, γ011  -26.765 17.888  

SPED*AMI, γ012  6.049 17.611  

SPED*API, γ013  -13.668 23.228  

SPED*HIS, γ014  11.145 20.531  

SPED*BLK, γ015  -5.555 7.664  

FRP*AMI, γ016  13.139 16.928  

FRP*API, γ017  -2.018 7.111  

FRP*HIS, γ018  -0.956 14.474  

FRP*BLK, γ019  -2.286 12.041  

LEP, γ30  0.974 0.661  

SPED, γ40  -1.620 0.169  

FRP, γ50  -0.752 0.079  

AMI, γ60  -0.914 0.356  

API, γ70  1.162 0.163  

HIS, γ80  -0.516 0.222  

BLK, γ90  -0.505 0.237  

LEP*AMI, γ100  1.232 1.950  

LEP*API, γ110  -0.708 0.731  

LEP*HIS, γ120  -0.628 0.718  

LEP*BLK, γ130  0.321 0.873  

SPED*AMI, γ140  0.236 0.808  

SPED*API, γ150  1.193 0.522  

SPED*HIS, γ160  -0.621 0.527  

SPED*BLK, γ170  -0.851 0.517  

FRP*AMI, γ180  0.637 0.424  

FRP*API, γ190  0.580 0.237  

FRP*HIS, γ200  0.161 0.274  

FRP*BLK, γ210  0.362 0.302  

School Size, γ020  0.002 0.001  

MID, γ021  -0.541 0.824  

HIGH, γ022  -1.691 0.894  
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Table 92 

Results of fixed effects of the school type model for grade 8 using grade 6 prior scores 

only. 
Fixed Effect  Coefficient Se  

Average School Mean, γ00  857.540 1.132  

Grade 6, γ10  0.749 0.005  

LEP, γ01  22.554 15.003  

SPED, γ02  -10.450 3.490  

FRP, γ03  -11.554 2.210  

AMI, γ04  -17.961 13.637  

API, γ05  8.355 5.395  

HIS, γ06  -10.786 12.107  

BLK, γ07  0.636 10.196  

LEP*AMI, γ08  522.541 280.612  

LEP*API, γ09  -30.734 16.443  

LEP*HIS, γ010  -14.947 16.748  

LEP*BLK, γ011  -23.432 16.338  

SPED*AMI, γ012  5.034 18.293  

SPED*API, γ013  -14.833 22.881  

SPED*HIS, γ014  9.782 20.566  

SPED*BLK, γ015  -5.749 7.841  

FRP*AMI, γ016  13.500 16.418  

FRP*API, γ017  -3.241 7.084  

FRP*HIS, γ018  0.662 14.064  

FRP*BLK, γ019  -1.206 12.048  

LEP, γ20  0.608 0.779  

SPED, γ30  -3.082 0.208  

FRP, γ40  -1.345 0.091  

AMI, γ50  -1.435 0.479  

API, γ60  1.573 0.217  

HIS, γ70  -0.835 0.287  

BLK, γ80  -1.066 0.244  

LEP*AMI, γ90  6.045 4.038  

LEP*API, γ100  -0.855 0.879  

LEP*HIS, γ110  -1.308 0.805  

LEP*BLK, γ120  0.749 0.961  

SPED*AMI, γ130  0.385 1.002  

SPED*API, γ140  1.539 0.738  

SPED*HIS, γ150  -0.331 0.625  

SPED*BLK, γ160  -1.429 0.574  

FRP*AMI, γ170  0.358 0.543  

FRP*API, γ180  0.542 0.308  

FRP*HIS, γ190  0.103 0.342  

FRP*BLK, γ200  -0.039 0.313  

School Size, γ020  0.002 0.001  

MID, γ021  -0.518 0.830  

HIGH, γ022  -1.761 0.899  
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Table 93 

Results of random effects of the school type model for grade 5. 
Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 13.218 139 2113.323 <.001 

Grade 3 Slope, μ1j 0.004 161 227.189 .001 

Grade 4 Slope, μ2j 0.004 161 249.478 <.001 

LEP Slope, μ3j 3.543 161 218.843 .002 

SPED Slope, μ4j 3.820 161 242.669 <.001 

FRP Slope, μ5j 0.129 161 179.639 .150 

AMI Slope, μ6j 3.511 161 213.552 .004 

API Slope, μ7j 1.173 161 212.959 .004 

HIS Slope, μ8j 1.687 161 184.126 .102 

BLK Slope, μ9j 1.234 161 180.355 .141 

Level-1 Effect, rij 31.288    
 

Table 94 

Results of random effects of the school type model for grade 8 using grade 6 and 7 prior 

scores. 

Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 18.191 90 3460.589 <.001 

Grade 6 Slope, μ1j 0.004 112 147.898 .013 

Grade 7 Slope, μ2j 0.014 112 239.739 <.001 

LEP Slope, μ3j 2.235 112 182.414 <.001 

SPED Slope, μ4j 4.415 112 230.021 <.001 

FRP Slope, μ5j 0.229 112 123.782 .210 

AMI Slope, μ6j 2.452 112 111.094 .506 

API Slope, μ7j 0.490 112 97.127 .840 

HIS Slope, μ8j 1.166 112 124.171 .203 

BLK Slope, μ9j 1.828 112 206.406 <.001 

Level-1 Effect, rij 34.671    
 

Table 95 

Results of random effects of the school type model for grade 8 using grade 6 prior scores 

only. 
Random Effect Variance 

Component 

Df Χ
2 

p-value 

School Mean, μ0j 17.602 90 2544.842 <.001 

Grade 6 Slope, μ1j 0.005 112 349.063 <.001 

LEP Slope, μ2j 2.368 112 151.124 .008 

SPED Slope, μ3j 6.776 112 233.413 <.001 

FRP Slope, μ4j 0.341 112 123.299 .219 

AMI Slope, μ5j 6.299 112 126.900 .159 

API Slope, μ6j 0.952 112 122.130 .241 

HIS Slope, μ7j 1.954 112 131.209 .104 

BLK Slope, μ8j 1.551 112 179.111 <.001 

Level-1 Effect, rij 47.387    



 123 

 

Table 96 

Percentages statewide of students meeting growth targets for the school type hierarchical 

linear model by grade. 

 Target Not Met Target Met 

Grade N % N % 

4 19933 39.5 30576 60.5 

5 19385 37.3 32643 62.7 

6 15439 30.0 36051 70.0 

7 19146 36.9 32772 63.1 

8 19542 38.1 31757 61.9 

11 18321 40.5 26903 59.5 

All Grades 111766 37.0 190702 63.0 

 

Table 97 

Post hoc Wilcoxon signed-rank tests for the rank order of schools in the four hierarchical 

linear models. A Bonferroni correction was applied, making α = .008. 

 Baseline Demographics School Size 

 Z p Z p Z p 

Demographics -1.565 .118 -- --   

School Size -0.090 .929 -4.331 <.001* -- -- 

School Type 0.912 .362 -1.697 .090 -6.568 <.001* 

Note: *p<.008. 

 

Table 98 

Log likelihood ratio tests for the hierarchical linear models for each grade. 

 Model 

Comparison 

Deviance Estimated 

Parameters 

p-value 

Grade 5     

 Baseline (1)  332933.652 14  

 Demographics (2) 1 vs. 2 330974.945 131 <.001 

 School Size (3) 2 vs. 3 330860.946 132 <.001 

 School Type (4) 3 vs. 4 330843.639 133 <.001 

Grade 8, Two Prior Years     

 Baseline (5)  331813.473 14  

 Demographics (6) 5 vs. 6 329895.706 131 <.001 

 School Size (7) 6 vs. 7 329892.072 132 <.001 

 School Type (8) 7 vs. 8 329883.270 133 <.001 

Grade 8, One Prior Year     

 Baseline (9)  348280.889 7  

 Demographics (10) 9 vs. 10 345476.115 109 <.001 

 School Size (11) 10 vs. 11 345470.692 110 <.001 

 School Type (12) 11 vs. 12 345460.683 111 <.001 
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Log likelihood ratio tests comparing the four nested models revealed that the 

sequential models including student demographics, school size, and school type 

continued to significantly improve the model for all three grade level models (Table 98). 

However, because there was no significant difference in rank from the baseline model, 

the baseline model was selected as the final model. An examination of the identified 

quartile (with 1 representing schools with the highest growth) between the baseline model 

and the other three models can be found in Table 99. 

Table 99 

Counts of whether schools were ranked in the same quartile for the baseline hierarchical 

linear model and the other hierarchical linear models. 

 Baseline 

Quartile 1 

Baseline 

Quartile 2 

Baseline 

Quartile 3 

Baseline 

Quartile 4 

Demographics Quartile 1 326 23 1 0 

Demographics Quartile 2 23 302 23 3 

Demographics Quartile 3 1 19 304 25 

Demographics Quartile 4 0 6 22 323 

School Size Quartile 1 322 28 0 1 

School Size Quartile 2 27 285 36 1 

School Size Quartile 3 1 31 285 33 

School Size Quartile 4 0 6 29 316 

School Type Quartile 1 326 23 1 0 

School Type Quartile 2 23 297 29 1 

School Type Quartile 3 1 25 298 26 

School Type Quartile 4 0 5 22 324 

 

Comparison of Final Growth Models 

 The school ranks of the equal points awarded baseline transition matrix, the 

free/reduced priced lunch trajectory, the school type projection, the median special 

education student growth percentile, and the baseline hierarchical linear model were 

compared using a Friedman ANOVA (Friedman, 1937; Χ
2
(4) = 4.718, p = .317). 

Although no overall difference in ranks was found, an examination of Spearman 
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correlations among the ranks (Table 100) and of which quartile schools fell into for each 

model (Table 101) revealed far less consistency in the ranking methods. 

Table 100 

Spearman correlations among the school ranks of the final growth models selected: equal 

points awarded transition matrix, free/reduced priced lunch trajectory, school type 

projection, median special education student growth percentile (SGP), and baseline 

hierarchical linear model (HLM). 

 1 2 3 4 5 

Transition Matrix (1) 1     

Trajectory (2) -.393* 1    

Projection (3) -.308* .770* 1   

SGP (4) -.807* .601* .501* 1  

HLM (5) -.408* .766* .951* .594* 1 

Note: *p<.01. 

Table 101 

Counts of schools in the same quartile between each pair of the final growth models 

selected: equal points awarded transition matrix, free/reduced priced lunch trajectory, 

school type projection, median special education student growth percentile (SGP), and 

baseline hierarchical linear model (HLM). 

 1 2 3 4 5 

Transition Matrix (1) --     

Trajectory (2) 249 --    

Projection (3) 254 757 --   

SGP (4) 198 659 587 --  

HLM (5) 235 730 1118 628 -- 
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Discussion 

 The present study sought to answer several research questions related to 

growth models for statewide accountability systems. In particular, the focus was 

on determining whether student demographics or school characteristics (size and 

grades served) influence the growth—as measured by scores on statewide 

accountability tests—of students in a school, and perhaps more importantly, 

whether they have an impact on how a school is ranked in the state. For the 

purposes of this study, five types of growth models currently implemented in 

states were selected: transition matrix, trajectory, projection, student growth 

percentile, and hierarchical linear model. Unsurprisingly, the relationship between 

student demographics and school characteristics and the resulting school ranks 

varied among the selected growth models. However, knowing which models are 

more or less affected by the student demographics and school characteristics 

provides valuable insight into the relative strengths and weaknesses of each 

growth model explored. 

Research Question 1 

 The first research question sought to determine whether including demographic 

characteristics of students improved each of the growth models. Because the transition 

matrix, trajectory, and student growth percentiles do not use regression methods, 

incorporating all demographics into one model was not possible. For these models, four 

models that included all students were created: limited English proficient, receiving 

special education services, receiving free/reduced priced lunch, and race/ethnicity. 
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Compared to the baseline transition matrix model, fewer points on average were 

earned by schools based on students’ changes in achievement categories for all of the 

demographic models. Across all demographic models, schools earned more points on 

average when awarding equal points for each change in achievement category. 

Conversely, the models in which proficiency was rewarded had schools earning more 

points on average for the baseline data. While the equal points awarded average scores 

were similar across the four demographic models and the baseline model, there was more 

fluctuation with the proficiency rewarded average growth score. This indicates that, in 

general, the proficiency rewarded models are more influenced by student demographics. 

Generally, the average percentage of students at schools identified as “on track” 

using the trajectory model decreased when the demographic models were implemented, 

with the exception of free/reduced priced lunch. The average percentage of students 

determined to be “on track” using the free/reduced priced lunch model was slightly 

higher than the baseline. Additionally, the schools had less variability in percentage of 

students “on track” with the free/reduced priced lunch model compared to the baseline 

model and all other demographic models. Although the free/reduced priced lunch 

model’s correlations with the all student growth estimate and school rank are relatively 

low, the race/ethnicity model’s correlations are slightly less. Furthermore, the 

correlations with the free/reduced priced lunch model and the other models are 

consistently in the middle of the range of correlations seen with the other demographic 

models. These findings suggest that the free/reduced priced lunch model may represent a 

middle point between the other demographic models and the baseline model. 
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On average, the mean student growth percentile for schools was slightly higher 

than the median student growth percentiles for the baseline and demographic models. 

Although the mean and median average growth estimates were very similar for the 

baseline and demographic models, there was less variability in school growth estimates 

for the mean growth estimates (Table 58). The similarity of findings across the baseline 

and demographic models for both the mean and median models suggests that 

demographic characteristics of students may not heavily influence student growth 

percentiles. 

The projection and hierarchical linear models, which allow for only one 

demographic model and statistical comparison of the demographic model with the 

baseline model, both found significant improvements when including demographic 

characteristics. For the projection models predicting current grade 4 and grade 6 students’ 

likelihood to become proficient, no interactions with demographic variables were found 

to significantly improve the model. For the model projecting current grade 7 students’ 

likely proficiency in grade 8, only free/reduced priced lunch interactions were found to be 

significant predictors and to significantly improve the model. This difference in 

interaction terms indicates that, as students get older, free/reduced priced lunch status 

may become more influential. However, because students tend to receive free/reduced 

priced lunch at lower rates at older grades, even though they still qualify, this result may 

be more related to the subset of students who continue to take free/reduced priced lunch. 

The interactions for all of the special populations (limited English proficient, 

special education, and free/reduced priced lunch) and the race/ethnicity variables were 
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found to significantly improve the hierarchical linear models for models of current grade 

4, grade 6, and grade 7 students. When the models were trimmed to remove 

nonsignificant interactions, the models performed significantly worse. The finding that 

interactions are important when including multilevel modeling, but not with the 

projection model, may indicate that how a student is expected to perform is more related 

to the demographics of the other students at the school than to the student’s own 

demographic characteristics alone. 

Research Question 2 

 The second research question sought to determine whether there were significant 

differences in the schools’ ranks when demographic characteristics were included. In the 

transition matrix model, no significant differences in school rank were found across the 

demographic models and with the baseline model for either the proficiency rewarded or 

equal points awarded methods. This implies that adjustments to expectations for change 

in scale scores based on demographic information do not significantly change how many 

students meet expectations. This may be because, on average, students who are helped by 

the reduced expectations for their group are balanced out by students whose student 

group have higher expectations, and who therefore no longer meet the scale score 

increase needed to be considered “on track.” Alternatively, the scale scores required to 

change achievement categories, as adjusted for student characteristics, may not be 

different enough to see significant changes in the number of students meeting the cut 

scores, and thus, the overall ranking of schools does not significantly change. Finally, 

although unlikely given the diversity of school demographics, it is possible that the 
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adjusted expectations by student group help all schools about equally, and therefore no 

significant change in ranks is seen. 

The trajectory model found significant differences in school ranks between the 

baseline models and the limited English proficient, special education, and race/ethnicity 

models. Additionally, there were significant differences in rank between each pairing of 

the limited English proficient, special education, and race/ethnicity models. There were 

no significant differences in rank between the free/reduced priced lunch model and the 

baseline or other demographic models. The lack of significant difference between the 

free/reduced priced lunch demographic model and the others implies that the free/reduced 

priced lunch school ranks are on average somewhere in the middle of the ranks provided 

by the other demographic models and the baseline model. If all student demographic 

characteristics are considered equally important, the free/reduced priced lunch model 

seems to provide the middle ground, meaning it is likely the most representative of the 

potential demographic models in school ranks when using the trajectory model. 

Student growth percentiles found differential differences in school rank 

depending on whether the mean or median student growth percentile was used to rank 

schools. When the mean was used, the baseline model’s rankings were significantly 

different from the special education rankings. Additionally, the limited English proficient 

model rankings were significantly different from the special education and free/reduced 

priced lunch rankings. When using the mean, no significant differences were found 

between the race/ethnicity model and the other demographic models and baseline. When 

using the median student growth percentile for ranking schools, the race/ethnicity school 
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ranks were significantly different from both the baseline ranks and the limited English 

proficient ranks. Additionally, the limited English proficient model was significantly 

different from the baseline model. When using the median, the special education and 

free/reduced priced lunch models had no significant differences with the other 

demographic models or the baseline model. The fact that two demographic models were 

found to have no significantly different school rankings from the other models when 

using the median student growth percentile suggests that there may be more consistency 

in school ranks based on the median compared to ranks based on mean student growth 

percentiles. This consistency in student growth percentiles is one reason the median has 

previously been recommended over the mean (Oregon Department of Education, 2012; 

Colorado Department of Education, n.d.). 

The projection model found significant differences in school rank between the 

baseline model and the demographic model. This, combined with the increased model fit 

when including student demographics, indicates that in general, one-level projection 

models may be unduly influenced by student characteristics, especially when compared 

to the four other growth models explored. 

There was no significant difference in school ranks when adding demographics 

into the hierarchical linear model. A follow-up comparison of which quartile each school 

fell into when using the baseline and demographic models also indicates generally high 

consistency in school rank. This implies that in general, controlling for student 

demographics does not significantly change the overall ranking of schools. This could be 

because controlling for demographics does not matter much in whether a student is 
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predicted to be proficient using a hierarchical linear model for individual students, or that 

the change in growth estimates when controlling for student demographics affects all 

schools about equally. 

Research Question 3 

The third research question sought to determine whether, even after controlling 

for student demographics, knowing the size of a school improved each of the growth 

models. Because it was not possible to include school size directly into the transition 

matrix, trajectory, or student growth percentile models, correlations between the growth 

estimate (average points for the transition matrix model, percent “on track” for the 

trajectory model, and mean/median student growth percentile for the student growth 

percentile model) and school size were calculated to determine whether there appeared to 

be significant relationships between the size of the school and the growth estimate 

determined from the baseline and demographic models. 

School size was found to be significantly negatively correlated with both the 

proficiency rewarded and equal points awarded transition matrix model for the baseline 

and all demographic models. However, school size was found to be slightly less related to 

a school’s average growth for the equal points awarded models than the proficiency 

rewarded models. In general, it was found that schools serving more students tend to have 

lower average growth scores using the transition matrix models. 

The baseline and demographic trajectory models were all significantly positively 

related to school size. That is, as school size grew larger, a larger percentage of students 

were considered “on track” to proficiency. This finding is opposite to what was found in 
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the transition matrix models. This is an important difference to note between the 

transition matrix and trajectory models when determining which model may be more 

appropriate given the makeup of a state. If there is more concern about unfairly rating 

smaller schools, a transition matrix model may be more appropriate; concern for larger 

schools may imply that a trajectory model would be superior. 

As with the trajectory models, the baseline and demographic student growth 

percentiles were all significantly positively related to school size. The median student 

growth percentiles were all slightly less related to school size compared to their mean 

student growth percentiles counterparts. In general, the relationship between the 

demographic models and the baseline model and school size was more consistent for the 

student growth percentile models than for the trajectory models. This may indicate less 

influence by student demographics in the student percentile growth model when 

compared to the trajectory model. 

As with inclusion of demographics, both the projection model and the hierarchical 

linear model saw significant improvements when school size was included. However, in 

the projection models, the change in predicting an individual student’s proficiency based 

on school size was negligible. For the hierarchical linear models, the effect of school size 

was also fairly small, but still significant. These small coefficients suggest that a change 

of one more student being served at a school does not have a substantial direct impact on 

a student’s predicted scores for the projection and hierarchical linear models. 
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Research Question 4 

The fourth research question sought to determine whether school size appeared to 

be related to school ranks. Because the transition matrix, trajectory, and student growth 

percentile models could not directly include school size in a growth estimate, no rank 

including this variable could be determined for schools. However, Spearman correlations 

did allow for determination as to whether or not larger schools tended to be ranked lower 

within each of the growth models’ baseline and demographic models. 

 The transition matrix baseline and demographic models were all significantly 

related to school rank. In general, larger schools had higher ranks, indicating that they 

were performing less well. This is consistent with the findings that larger schools tend to 

have lower average growth. As with the growth estimates, school size was less related to 

rank when equal points were awarded than when proficiency was rewarded. 

School ranks and school size were found to be negatively related when using the 

trajectory model for the baseline model and all demographics models. As with the growth 

estimate’s relationship to school size, this finding for the trajectory model is opposite that 

of the transition matrix model. However, school rank was not found to be significantly 

related to school size when using the free/reduced priced lunch model. This may imply 

that controlling for free/reduced priced lunch is sufficient to also control for school size 

when using a trajectory model. 

School ranks and school size were also found to be significantly negatively 

related for the baseline and demographic student growth percentile models. In general, 

the mean student growth percentiles were more related to school size, with the exception 
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of the free/reduced priced lunch demographic model. The free/reduced priced lunch 

median demographic model’s relationship to school rank was significantly lower than 

that of the all student, limited English proficient, and special education median models, 

but it was not significantly different from the race/ethnicity median model. The special 

education median model did not have a significantly different correlation between school 

rank and school type from any of the other median student growth percentile models. 

Therefore, while the free/reduced priced lunch median model may be less related to 

school rank, the special education median model appears to be more representative across 

all demographic categories. 

Inclusion of school size in the projection model again resulted in significant 

differences in school rank, both with the baseline and demographic model. While 

inclusion of school size had nearly no impact on an individual student’s likelihood to be 

proficient, the rank order of schools did significantly change when using school size as a 

predictor. This implies that school size may be an important factor to consider when 

using projection models. 

There was no significant difference in school rank when including school size 

with either the baseline or demographic hierarchical linear model. In general, there were 

no changes to the overall ranking of schools whether student demographics and school 

size were controlled for in the model. A comparison of the quartiles into which schools 

fell with the school type and baseline models revealed that the majority of schools fall 

into the same quartile, signifying that school size does not appear to affect a school’s rank 

in the hierarchical linear model. 
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Research Question 5 

The fifth research question sought to determine whether school type was related 

to a school’s growth estimate and whether knowing school type could potentially 

improve upon the growth model. As with the school size models, it was not possible to 

directly incorporate school type into calculations of growth for the transition matrix, 

trajectory, and student growth percentile models. Instead, Spearman correlations between 

school type and the growth estimates were calculated to determine whether, as schools 

serve higher grades, there is a significant relationship with the school’s growth estimate. 

In general, there was a small positive correlation between school type and average 

growth scores using the transition matrix models. As with school size, the correlations 

were slightly less pronounced when using the equal points awarded model over the 

proficiency rewarded model. In general, as schools served higher grades, their average 

growth score decreased. School type was only significantly related to average growth 

scores for the special education, free/reduced priced lunch, and race/ethnicity proficiency 

rewarded demographic models. For these demographic models, schools had higher 

growth scores on average when they served higher grades. This is surprising because, in 

general, fewer students perform at proficiency or above as grade level increases. The lack 

of significance between school type and all equal points awarded models suggests that 

this model performs relatively fairly for all school types. That is, schools do not have an 

inherent advantage simply by serving certain grades. 

The growth estimates for the baseline model as well as all demographic models 

were highly significantly negatively related to school type. That is, elementary schools 
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generally performed better than middle or high schools when using a trajectory model. 

The baseline model was the least related to school type, whereas the free/reduced priced 

lunch model was the most related to school type. As with school size, the findings for 

school type with the transition matrix and trajectory models are opposite. The 

relationship between school type and the transition matrix models was weaker than the 

relationship observed between school type and the trajectory models. Predicting future 

proficiency, as with the trajectory models, tends to have lower expectations for higher 

grades. This is consistent with the pattern of proficiency seen in general across grades in 

the state of Minnesota. 

Student growth percentiles were found to be consistently negatively related to 

school type. That is, high schools tended to have lower average scores compared to 

elementary schools. Unlike with school size, the mean student growth percentile models 

tended to be less correlated to school type (but not significantly so) than median student 

growth percentiles. Across the four demographic models and the baseline model, there 

was more consistency in the median growth models’ correlation with school type—there 

were no significant differences between any of the median student growth models. This 

implies that school type is equally related to student growth percentiles, no matter the 

demographic category used. 

The two regression-based models, projection and the hierarchical linear model, 

again found significant improvement to the school size model when including 

information about school type. In both the projection and hierarchical linear models, 

middle and high school students were predicted to score significantly worse than 
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elementary school students, with middle school students being slightly less disadvantaged 

compared to elementary school students. This is consistent with the knowledge that, as 

students advance in grade, fewer are proficient. For the projection and hierarchical linear 

models, school type is influential in a school’s growth estimate. 

Research Question 6 

The sixth research question sought to determine whether school type was related 

to a school’s overall rank, and whether that rank was significantly different from the 

baseline, demographic, and school size models. Because no growth estimate that took 

school type into account was calculated for the transition matrix, trajectory, and student 

growth percentiles models, Spearman correlations between school type and school rank 

were calculated. 

As with the growth estimate, school type was found to be significantly related 

only to the special education, free/reduced priced lunch, and race/ethnicity proficiency 

rewarded school ranks. All relationships between school type and rank indicate that, in 

general, as schools serve higher grades, they tend to perform better on transition matrix 

models. However, because the majority of models were not significantly related to school 

type, it appears that school type has little effect on school ranks. 

As with the school’s growth estimate, elementary schools were generally found to 

have significantly better ranks when using the trajectory model. The baseline model was 

least related to school type, while the free/reduced priced lunch model was the most 

highly related. As with school size, this finding is opposite that of the transition matrix 

model. However, unlike with school size, there were no significant relationships between 
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school type and the transition matrix models, whereas there were large significant 

relationships between school type and the trajectory models. If schools are going to be 

compared regardless of grades served, the transition matrix model may be fairer, as it 

does not generally tend to favor elementary, middle, or high schools. 

As with the trajectory model, student growth percentile models found a significant 

positive relationship between school type and rank. This was found consistently in the 

baseline and demographic models. As schools serve higher grades, they tend to also 

receive higher ranks, meaning they perform worse relative to other schools. As with the 

relationship of school size to school growth estimates, the median rank was more 

consistently related across the models, with no significant differences between the 

observed correlations. 

The projection model found significant differences in school rank when including 

school type compared to the baseline, demographic, and school type models. This 

indicates that the covariates in the projection models do have a significant impact on how 

a school will be ranked, and careful selection of which covariates to include in projection 

models should be considered. 

 Again, no significant differences in school rank were found for the school type 

hierarchical linear model compared to the baseline, demographic, or school size models. 

This indicates that, in general, school ranks are fairly consistent no matter which 

covariates are included in the hierarchical linear model. 
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Research Question 7 

The seventh research question sought to determine the impact of demographics, 

school size, and school type on school growth estimates and school rank in order to select 

one version of each growth model as the final model. 

Because there were no significant differences between the rank order of schools 

for the baseline transition matrix model and the demographic transition matrix models, 

for the sake of parsimony the baseline model was selected as the final model for the 

transition matrix model. In general, more consistency was observed in the quartile into 

which schools were placed by the equal points awarded models. Additionally, because 

the all student equal points awarded model was less related to both school size and school 

type, the final model selected for the transition matrix model was the baseline (all 

student) model that awarded equal points across transitions between achievement levels. 

In the trajectory model, significant differences were found among almost all of 

the correlation coefficients with school size and school type and the baseline and 

demographic models. Therefore, the decision of which final model to select was based on 

the observed differences in school ranks. Because there were no significant differences in 

school ranks with free/reduced priced lunch and any of the other trajectory models, the 

free/reduced priced lunch model was selected. 

Given the difference in rank order found, as well as the statistical comparison of 

models indicating that the school type model was the best of those tested, the school type 

model was selected as the final projection model. 
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Because there were fewer significant differences in correlations with school size 

and type within the median student growth percentile models, as well as fewer significant 

differences in the ranking of schools, the median was selected as the less biased 

aggregation method for the student growth percentile model. None of the median growth 

models had significantly different correlations with school type for either growth 

estimates or rank. The special education model was the only model that did not have a 

significant difference in correlation with school size and the other four models. 

Additionally, the ranking order of schools was not significantly different from the other 

four median student growth percentile models. Therefore, the special education median 

student growth percentile model was selected as the final student growth percentile 

model. 

Although demographics, school size, and school type were found to add 

significant explanatory power to the hierarchical linear model, no significant differences 

in school rank were found across the four models. This provides further evidence that 

demographic information does not appreciably improve regression-based growth models 

(Connecticut State Department of Education, 2011). For the sake of parsimony, the 

baseline model was selected as the final hierarchical linear model. 

Research Question 8 

The eighth research question sought to determine whether significant differences 

in school rank are found depending on which growth model is used. To answer this 

question, only the final models selected in research question 7 were included. Overall, no 

significant differences were found across the five final models’ school ranks. However, 
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closer examination of the ranks by quartile revealed far less consistency between the 

transition matrix model and the other four models. This is consistent with the finding that, 

when using the transition matrix models, high schools tend to be ranked higher than 

elementary schools, while this finding is opposite for the other four models. Therefore, 

while the transition matrix model is the easiest to understand and implement, its findings 

are relatively inconsistent with the other types of growth models currently used in 

statewide accountability systems. 

Additional considerations about the individual models must be taken into account 

when selecting an appropriate growth model. While the trajectory model is also relatively 

simple and easy to understand, student demographics appear to play an important role in 

how schools are ranked. If a growth model must have the same expectations for all 

students, a trajectory model may not be the fairest model to select. The same is true of the 

student growth percentile model and the potential impact of school ranks based on 

student demographics. The inconsistency of school ranks with the addition of new 

covariates with the projection model indicates that this type of model, at least as 

implemented here, may be unreliable. It appears that much of the volatility in school 

ranks is due to not considering the truly nested nature of the data; thus, a projection 

model that implements multilevel modeling, such as the hierarchical linear model, may 

be more appropriate. The hierarchical linear model implemented in this study was not 

found to have significantly different school ranks, no matter the student or school 

characteristics included in the model. Additionally, the school ranks of the baseline 

model were relatively consistent across the other growth models’ final models selected. 
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While this model is the most complicated, it appears as though this may be the most 

appropriate model to select with the least amount of bias due to student demographics. 

Not only does this model result in similar school ranks regardless of covariates added to 

the model, the resulting school ranks are similar to those of the other growth models 

selected for best representing school-level growth, based on the results explored in 

research questions 1-6. 

Implications 

 The growth model selected must be explained to a variety of stakeholders, 

including school and district administrators, teachers, parents, and even students. 

Therefore, careful consideration must be given to the balance between statistical accuracy 

and simplicity of understanding the model. While the hierarchical linear model was found 

to be the least biased and the most similar to the other growth models, it is also one of the 

more difficult models to explain individuals without a statistical background. While the 

results of the hierarchical linear model may be more statistically valid, general 

understanding of multilevel modeling and regression models is necessary to truly 

understand the results. The transition matrix model uses only basic mathematical 

concepts, such as averaging points based on categorical changes. The use of these more 

basic concepts means that the majority of stakeholders could easily understand the 

methodology and know how to interpret the results. Because the transition matrix model 

was also found to be relatively unbiased, and its methodology is fairly easy to explain and 

understand, a state may choose to implement this model instead. 
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Political considerations, such as whether growth to proficiency or adequate yearly 

growth is more important in a state, are also salient. The transition matrix model looks at 

improvements towards proficiency, but does not predict whether a student will be 

proficient in the future, unlike the projection and hierarchical linear models. While the 

trajectory model is somewhat impacted by student demographics, its methodology more 

clearly measures whether a student is “on track” to proficiency than the transition matrix 

model’s. The student growth percentile model does not measure whether a student is 

likely to be proficient, nor does it measure whether a student has learned a year’s worth 

of information. However, with respect to the nature of many states’ test scoring 

procedures and frequent changes to test new standards, this model can continue to be 

used from year to year. If a model that can be used consistently is important in the 

political environment of the state, this may take priority over the relative strengths and 

weaknesses of other growth models. 

Because school size is often a function of population density and financial 

resources available in a community, and based less on academic best practices, models 

that do not see significant differences based on school size would be ideal. The transition 

matrix model and hierarchical linear model both found no effect of school size on school 

ranks, while the trajectory model found no relationship to school size when using the 

free/reduced priced lunch demographic model. Both the projection and student growth 

percentile models had a clear relationship with school size. If the effects of school size 

are of primary concern in a state, selection of a projection model or student growth 

percentile model would not be recommended, based on the results of this study. 
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Each of the growth models explored in this study was found to be related to 

school type in some manner. Therefore, it does seem appropriate to split schools into 

elementary, middle, and high schools for statewide ranking purposes, as Minnesota does 

in the Multiple Measurement Rating (MMR; Minnesota Department of Education, 2012b; 

Minnesota Department of Education 2014b). 

Limitations 

 There are several limitations to this study, many due to the selection criteria of 

students and schools included. First, the limiting of tests to only students who took the 

Minnesota Comprehensive Assessment (MCA) may have resulted in biased results, 

particularly for students receiving special education services. This is because the other 

accountability tests students may have taken were available only to students with 

individualized education plans. Because the MCA-Modified (MOD) was available to 

students starting in grade 5 only, it is possible that the grade 4 estimates included in this 

study may have been artificially low or high for the schools that serve grade 5. This is 

because some of the students in grade 5 and higher would have taken the MOD test, and 

therefore would not have been included in the present study. 

 The requirement that students must have had valid test scores in the two years 

prior (or one year prior, if the student was in grade 4) for inclusion in the present study 

means that the growth estimates may have been more inflated than would be expected 

from the use of two years of data in matched longitudinal methods (Zvoch & Stevens, 

2005; Hilton & Patrick, 1970). Students may not have participated in the accountability 

tests for the prior years for myriad reasons: they were not enrolled in a Minnesota public 
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school, they were absent on the day of testing, their tests were invalidated for some 

reason, or their parents refused to let them participate. 

 Because this study included only Minnesota students and tests, it is unknown 

whether different standards, different determinations of where cut scores are placed, or a 

different distribution of students across schools in a state may result in different observed 

relationships between the growth models and student and school demographics. Prior 

research has shown potential inconsistency in growth model results for all of these 

reasons (US Department of Education, Office of Planning, Evaluation and Policy 

Development, Policy and Program Studies Service, 2011; Goldschmidt et al., 2012). 

 In addition to the limitations imposed by the sample selected, a comprehensive 

comparison of growth models was not explored. There are many variations within each of 

the types of growth models that have been implemented by states. The results reported 

here, for instance, may not be accurate for all hierarchical linear models. States could 

implement confidence intervals around the projected growth estimates prior to 

determining whether students are “on track” to proficiency; utilize demographic 

information for the schools a student will likely attend in the future; or add other student, 

teacher, or school covariates into the calculations. Any of these changes may change the 

finding here that the baseline model’s overall school ranks were not different than those 

of other, more comprehensive models. 

Future Research 

Because many states have been considering implementing these same types of 

growth models into their teacher evaluation systems, it is also important to conduct a 
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study that looks specifically at the impact of student characteristics on how a teacher is 

evaluated. While the findings reported here are representative of how student and school 

characteristics affect a school’s ranking, it is possible that these types of variables have 

more of an impact at the classroom level. Although the transition matrix model and 

hierarchical linear model found that, on average, there was no change in school ranks, the 

quartile comparisons do show that some schools had quite different rankings depending 

on whether demographic factors were considered. Teachers at these schools would likely 

have less consistent evaluations, depending on which student and school factors were 

considered important to control for in the statistical model. Additionally, at a classroom 

level, the demographic characteristics of students may not be representative of the school 

overall. This may mean that while overall the school is ranked similarly across the 

models, there is considerable variation in classroom performance, which may not 

necessarily be related to teacher effectiveness. Selection of a growth model that does not 

unfairly judge teachers simply because they serve students with more needs is imperative. 

A model that looks at whether students are likely to be proficient in the future, especially 

if serving students who are academically behind, may not be a good choice for teacher 

evaluation purposes. Rather, a model that determines whether students are making 

adequate yearly progress may be more appropriate. Another important consideration is 

whether teachers will be evaluated less favorably simply for teaching higher grades, in 

which proficiency is less often obtained. The results in this study found that, across all 

growth models, grades served was related to school rank in some manner. Teachers who 

choose to teach older children should not be punished (or rewarded) in their evaluation 
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simply because the material they teach is harder to grasp, especially if students are 

already behind. Further research is required to compare the types of growth models that 

states might consider implementing using accountability tests for the purposes of teacher 

evaluation; in particular, emphasis is needed on growth models suggested for teacher 

evaluation that have not been used for statewide school accountability purposes. With the 

reauthorization of ESEA in 2015, the Every Student Succeeds Act (ESSA), teacher 

evaluation no longer need be tied to state accountability tests (Every Student Succeeds 

Act of 2015). With this added flexibility in teacher evaluation systems, research into the 

appropriateness of using accountability tests for this purpose may have higher urgency 

than under the previous system of ESEA waivers. 

Additionally, as parent refusal becomes more prevalent (Reid, 2014), careful 

consideration will become critical for the selection of an appropriate growth model for 

school accountability within a state, especially given the higher likelihood of missing 

data. Future research will need to look at the students whose parents opt them out of 

statewide testing, and to determine how these missing data points affect school ratings 

both in proficiency and in growth. Research into alternative methods for accurately 

estimating the effect a school is having on student growth, rather than methods based on 

on complete data from all students, could help to mitigate the issue of parent refusal for 

accountability purposes. 

One potential asset to finding solutions to the complication of parent refusal may 

be P-20 (pre-school to end of college) longitudinal data sets currently being developed by 

many states (US Department of Education, Institute of Education Sciences, & National 
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Center for Education Statistics, n.d.). Some states are incorporating variables such as 

student course enrollment and grades into these longitudinal databases, which may allow 

for measures other than test scores to help estimate student growth. These alternative 

measures available may also provide for better methods of estimating student growth for 

the purposes of evaluating teachers. Additionally, as P-20 longitudinal datasets become 

available in states, the potential for measuring student growth or predicting a future 

outcome beyond high school becomes plausible. New growth models that can more 

accurately include high school students’ test scores for accountability purposes based on 

the longitudinal data sets being compiled provide a wealth of potential future research 

directions.   
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