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 This paper examines the difference between school level performance rankings 

for Minnesota public schools for the 2013-2014 school year based on Minnesota 

Comprehensive Assessment passage rate and econometrically estimated inefficiency. 

Inefficiency is estimated using Ordinary Least Squares and Stochastic Frontier Analysis. 

Results show a weak positive correlation between test score rankings and inefficiency 

rankings, although analysis of the best schools for each ranking show a large variation in 

which schools are the best. Correlations between OLS and SFA rankings are much 

stronger and near one. These findings indicate that controls matter when evaluating 

school performance. 
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1. Introduction: 

 The choice of what school to attend is likely one of the most important choices 

parents make or their children. This decision can be plagued by a plethora of information 

regarding schools. The literature suggests that a list of school rankings based on test 

scores delivered to parents increases the quality of school a student attends in an open 

enrollment environment (Hastings and Weinstein 2008). This paper addresses a natural 

extension of this finding, does the type of ranking methodology matter? Many families 

would prefer to send their children to schools that give them the best opportunity to 

succeed in math and reading but policy makers may be more interested in how efficiently 

a school is educating its students. Can one ranking methodology provide results that 

satisfy both of these preferences, or will a single ranking create informational problems? 

 To answer this question, my paper analyzes the relationship between a ranking 

based on the percentage of students passing the Minnesota Comprehensive Assessment in 

both reading and math and a ranking based on econometrically estimated inefficiency for 

traditional and charter schools in Minnesota for the 2013-2014 school year. My paper 

estimates an education production function at the school level and then compares the 

predicted outcomes to the actual outcomes to produce an inefficiency estimate for each 

school that can be tested using statistical methods. If the ranking methodologies produce 

rankings that are statistically the same, a well-publicized inefficiency ranking could 

streamline both choice decisions made by families and policy decisions made by policy 

makers with a centralized ranking system. If ranking systems are different, the ranking 
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that is distributed to the public needs to be carefully selected to ensure that it improves a 

family’s ability to select the best schools. 

  

 Because the ranking system based on inefficiency requires the estimation of a 

production function, there are multiple methods that can derive inefficiency terms and 

this paper offers the opportunity to compare Ordinary Least Squares and Stochastic 

Frontier Analysis. Using the two methods, multiple inefficiency terms are created to 

develop a more robust analysis. A modified OLS estimation corrects for the bias 

introduced to the constant term when estimating a production frontier while still using 

robust OLS methods to create a baseline measure of inefficiency. To gain further insight 

into the nature of the inefficiency term and its true size, Stochastic Frontier Analysis 

explicitly models a production frontier and the inefficiency term. It also has benefits for 

analyzing inefficiency. Past research has emphasized deterministic measures of 

inefficiency, which fail to account for the variable nature of input-output outcomes in 

education and assumes all deviation from the production frontier is due to inefficiency. 

Stochastic Frontier Analysis overcomes this assumption by modeling the inefficiency 

term and accounting for variation in the production function and the inefficiency term. 

 Using passage rates and estimated inefficiency terms, schools are then ranked 

accordingly. If the ranking systems are statistically similar, meaning they produce the 

same ranking for schools on average, there should be a significant correlation between 

them. This study finds that there is a positive statistical relationship between ranking 

methodologies, but the rankings based on econometric inefficiency are highly correlated. 
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This implies that controls are useful when analyzing school level performance and raw 

test scores paint an incomplete picture of identifying school performance.  The paper 

proceeds as follows. The next section reviews the literature on educational efficiency and 

Stochastic Frontier Analysis, which is followed by a methodology section that elaborates 

on these topics within the context of this paper. Next, a discussion of the data and models 

used is provided. The penultimate section analyzes the results for the model estimations 

of the inefficiency terms and the subsequent rankings and the paper then concludes by 

briefly identifying policy implications and future research. 

 

2. Literature Review: 

 To place this study within the larger literature, this section reviews past work on 

school efficiency and Stochastic Frontier Analysis. There is a volume of work that 

specifically addresses measurement of education production efficiency and deals 

primarily with school districts using Data Envelopment Analysis. This study narrows the 

focus of efficiency to the school level and uses parametric analysis rather than non-

parametric Data Envelopment Analysis (DEA). This paper prefers SFA due to the ability 

to produce parametric estimates for educational inputs that can be useful for policy 

analysis. 

 While most papers focus on specifically measuring efficiency, rankings based on 

efficiency are less common. Hansen, Michael, and Toutkoushian (2007) presents a 

comparison of five different models of efficiency and the subsequent rankings they 

produce using data from Indiana school districts for the 2002-2003 school year. The main 
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finding of this paper is that while there are differences between parametric and non-

parametric estimation results, rankings were very similar and concludes Ordinary Least 

Squares estimates produce robust results. The paper addresses the ways in which the 

assumptions of each model fails to be satisfied and finds that the primary result holds in 

the presence of these violations. Of particular interest in the study is its focus on variables 

that schools cannot control, such as socioeconomic status and educational attainment of 

the district, which are important for producing credible efficiency estimates. SFA allows 

for the analysis of both the controllable and uncontrollable variables in the context of 

efficiency, which makes it suitable for the current study. Another study that confirms 

these results between Data Envelopment Analysis and Stochastic Frontier Analysis is 

Ruggiero and Vitaliano (1999) by concluding that both estimation techniques produce 

similar inefficiency terms for New York school districts. 

 Toutkoushian and Curtis (2005) use school level ranking systems to illustrate the 

importance of socioeconomic factors in analyzing educational performance. Using data 

from New Hampshire public high schools, the paper first ranks schools based on 

observable measures of achievement that include state achievement tests in math and 

English and post-graduation measures such as college attendance. Toutkoushian and 

Curtis next estimate these ranks while controlling for the community unemployment rate, 

percentage of parents with a college degree, and the percentage of students that qualify 

for free or reduced price lunch. The authors use truncated regression to produce the 

outcome estimates to account for the outcome measures being bounded by 0 percent and 

100 percent. The results of the study show a significant correlation between 
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socioeconomic variables and academic outcome measures which indicates that using raw 

outcome measures to compare schools disadvantages schools in areas with poor 

socioeconomic characteristics. Although the study extends rankings to the school level, 

its robustness is limited by its sample size since it includes only 73 observations. 

 While rankings are a useful tool for identifying differences in accountability 

measures, the proper specification of the educational production function used to generate 

the efficiency term is crucial. Indeed, the summary of research on the education 

production function provided by Hanushek (2008) shows that inefficiency is a common 

attribute to production function studies but there is little consensus on how most inputs 

affect student outcomes. The study finds that there is a high level of variation not only in 

size and significance of traditional educational inputs, but also in sign. These inputs 

consist of classroom resources, teacher experience, and expenditure per pupil. A set of 

connected findings is that the effect of schools is difficult to measure correctly and 

teacher quality matters. The fact that teacher quality matters is an important finding with 

policy implications that can be derived from the education production function, but 

teacher quality does not correlate highly with any observable measures of teacher 

characteristics. This problem aligns with the paper’s other finding that it is difficult to 

measure the effect of schools on achievement. 

 Because the education production function is difficult to identify, a particularly 

useful strand of research focuses on the cost of an adequate education due to its reliance 

on the production function. Imazeki and Reschovsky (2005) assesses different cost 

functions and their estimates for the cost of an adequate education. It also establishes 
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policy implications for such estimations. The study is based on testimony in West 

Orange-Cove et al. v. Neely et al., a case heard by the Texas Supreme Court about the 

state’s school finance system. At the heart of the case was the question about whether the 

state’s school finance system provides schools with adequate resources for reaching state 

accountability standards. Differences between the models included functional form, how 

teacher salaries are used, and how pupils are weighted. Both estimations did use the 

change in achievement outcomes rather than levels, a transformation encouraged by 

Hanushek to account for differences in prior achievement, but one uses a one-year lag 

and the other uses a two-year lag. These changes in model specification add up to the two 

models producing vastly different policy recommendations, which indicate that model 

specification has practical significance in addition to statistical considerations. A similar 

model that addresses this same topic within the context of California can be found in 

Imazeki (2008). 

 Aside from concerns about how to specify the production function, there are 

multiple ways to estimate it. Hansen, Michael, and Toutkoushian have presented 

evidence that OLS can produce robust results for ranking school districts in the presence 

of constrained production and a truncated dependent variable, because the percentage of 

students passing a test must be between 0 and 100, when compared to other models that 

account for these properties. Previous studies about the cost of an adequate education 

require a production or cost function to be specified in order to estimate the marginal 

effect of expenditure. 
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 Haelermans and Ruggiero (2015) uses Data Envelopment Analysis to measure the 

cost of adequacy in the presence of heterogeneous environmental factors that can impact 

the education production frontier in their data. Using non-parametric linear programming 

methods, Haelermans and Ruggiero finds that extreme socio-economic environments, as 

defined by the percentage of economically disadvantaged students in the Netherlands, 

effectively decrease the amount of production that can be attained at any given 

expenditure level and certain adequacy standards may require more money to deal with 

the greater amount of economically disadvantaged students. The data shows that schools 

that have a larger number of economically disadvantaged students require 1.5 times more 

resources than schools with low percentages of economically disadvantaged students. 

Additionally, the cost of increasing a schools performance from one level to the next is 

greater for schools with more economically disadvantaged students and very few schools 

in the dataset would be able to achieve at a 75 percent proficiency level. These findings 

show that efficiency analysis not only adds a unique perspective on the evaluation of 

school performance, but also demonstrates that conditions matter when resources are 

being allocated. 

 This study continues the measurement of school performance through an 

efficiency lens, however it does so using Stochastic Frontier Analysis. One primary 

difference between SFA and Data Envelopment Analysis is that SFA is parametric and 

allows for the calculation of the marginal effect if input variables in the production 

function and provides greater flexibility when estimating the inefficiency term. The 

seminal work in SFA is Aigner, Lovell, and Schmidt (1977). Before the study, efficiency 
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analysis was limited to average efficiency and not the estimation of frontier production 

functions. To extend the analysis to the frontier, the study divides the error term into two 

components. The first is an error term with a normal distribution that allows for random 

variation of production efficiency and the second part is a one-sided error term that 

models inefficiency explicitly using maximum likelihood estimation, where both 

distributions are independent of each other. Inefficiency can theoretically only be a 

negative number. However, the distribution can take on many forms and Aigner, Lovell, 

and Schmidt uses a half normal distribution but notes that the distribution of the 

inefficiency need not take this form.1 Aigner, Lovell, and Schmidt’s paper was the initial 

paper describing Stochastic Frontier Analysis and is the stepping-stone to current 

research in the field. 

 While research within Stochastic Frontier Analysis has developed on many lines, 

the current paper uses techniques that model the impact of exogenous regressors on the 

inefficiency term. Both Kumbhakar, Ghosh, and McGuckin (1991) and Reifschneider and 

Stevenson (1991) provide examples of this research. The logic that there are school 

characteristics that influence the size of the inefficiency term in addition to its production 

frontier allows for a much more concrete picture of individual school level inefficiencies. 

This research allows the current study to examine the impact of district size or 

administrator experience on inefficiency as they are likely not part of the education 

production function but could possibly affect the performance of an individual school. 

  

                                                
1 Indeed, this paper uses a truncated normal distribution as derived in Stevenson (1980) to account for a 
non-zero mean in the inefficiency term. 
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3. Data and Models: 

3.1 Data 

 This paper uses data for all Minnesota public schools for the 2013 to 2014 school 

year, all of which is accessible on the Minnesota Department of Education website. The 

data includes school demographic information for both students and teachers, raw test 

scores and passage rates by grade and student subgroup, district expenditures per pupil, 

and district transfer data. The sample is restricted to include only traditional public 

schools and charter schools and includes information for 1,092 schools. Table 1 describes 

the summary statistics for all variables used in this paper. 

 There is a large variation in the percentage of students who pass the math and 

reading tests at a given school, which ranges from 0% to 96%. Such variation is grounds 

for examination of school performance. It is worthwhile to note that the mean of the 

percentage of students passing the math and reading tests are 61% and 57% and are stable 

relative to historical state averages. The extreme variation in test scores is accompanied 

by extreme variation in the socio-economic composition of the schools in the sample. All 

schools have at least some students eligible for free or reduced price lunch, limited 

English proficiency, and special education but some schools have up to 100% of students 

with these demographics. There are also multiple types of schools represented, which 

have different academic environments, goals, and tests. 24% of schools are high schools. 

3.2. Models 

 This study uses three different ranking methodologies to compare schools and 

determine if there is a difference between school performance rankings as measured by 
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the percentage of students passing the Minnesota Comprehensive Assessment (MCA) and 

performance rankings based on econometrically estimated inefficiencies. The MCA tests 

both reading and math performance for students in elementary, middle, and high schools. 

Because reading and math are unique in the cognitive abilities that they measure, this 

paper analyzes math and reading separately but the methods are identical. The rankings 

set 1 as the best outcome. This means the school with the highest percentage of students 

passing the MCA test and the school with the lowest inefficiency will have rank 1. The 

first ranking system rates schools by the percentage of students passing with a rank of 1 

indicating the school has the best passage rate. This ranking will allow for a direct 

comparison to the estimated inefficiencies where a small number is synonymous to a low 

inefficiency. 

3.2.1. Ordinary Least Squares 

 The inefficiency rankings are based on an estimation of the education production 

function taking the general form 

!! = ! !!                                                                  ( 1 ) 

where !! is some measure of a school’s average student achievement and !! is a vector 

of school level inputs such as student demographics and educational inputs and i is a 

unique school in the dataset. Because the form of the production function must be 

specified, this paper assumes the production function takes Cobb-Douglas form 

!! = !!!!!!                                                                 ( 2 ) 
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where ! is a constant, ! is a vector of coefficients, and !! is a random error term. This 

paper transforms equation 2 by taking the log of both sides. The log-linear form of the 

production function then takes the form 

!! =  !+ !"#(!!)+ !"(!!)                                                         ( 3 ) 

Where !! is the log of the measure of achievement. This form of the production function 

has desirable traits for estimating a production frontier. The first is that the coefficients 

can be interpreted as elasticities, which makes policy analysis more viable. Second, the 

model uses OLS estimation to identify the production frontier with a simple estimation 

technique. Another useful characteristic of the log form is that it imposes a more normal 

distribution to the variables, thereby reducing heterogeneity in the estimation. OLS also 

serves as a useful baseline estimation to compare models, which this paper does with 

Stochastic Frontier Analysis. 

 Corrected ordinary least squares residuals are created using the following model 

!"#$!"#$%&'! = !+ !!"#$%&" !"#$%&'()*+,! + !!"#$%&'() !"#$%&! + !!   
 ( 4 ) 

where !"#$%#&'()"! is the log of the percentage of students who pass the MCA 

reading or math exam. !"#$%&" !"#$%&'(!"#$! is a vector of school level student 

demographic characteristics that includes the log of percentage of the student population 

that is black, Hispanic, Asian, or American Indian with white students as the reference 

group and the log of the percentage of female students. This vector also includes a 

dummy variable for whether the school is a high school, the percentage of students who 

qualify for special education services, free or reduced price meals, and have limited 

English proficiency. !"#$!"#$% !"#$%&! is a vector of school educational inputs that 
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includes the log of district expenditures per pupil, the log of student to teacher ratio, the 

log of school enrollment and its square2, the log of a diversity Herfindahl index3, and the 

square of the log of percentage of limited English proficiency students. !, !, and ! are 

estimable coefficients and !! is a random error term. The inefficiency term is defined as: 

!!"#$ = (!"#$%#&'()"! − !"#$%#&'()"!)/!"#!"#$%&'(! ( 5 ) 

where !!"#$ is the school level inefficiency as a percentage of the highest possible 

estimated performance. The corrected OLS model clusters standard errors on the district 

identifier. 

 While inefficiency estimates are based on the same underlying model, the paper 

uses two types of estimation techniques to identify it in order to present a more robust 

analysis of the production frontier. The first estimate is based on an inefficiency term 

derived using corrected ordinary least squares. Because educational production is a 

frontier analysis, standard Ordinary Least Squares will produce biased results. Corrected 

Ordinary Least Squares (COLS) corrects the downward bias of the constant in ordinary 

least squares regression when a production function is being estimated.4 Coefficients on 

the independent variables are unbiased, only the constant is biased due to OLS being an 

estimator of central tendencies rather than a frontier. The procedure begins by estimating 

the achievement variable via OLS and capturing the residuals. Once completed, the 

                                                
2 There is a possible collinearity issue with the inclusion on both the student to teacher ratio and the 
expenditure per pupil. Removing the student to teacher ratio does not change the magnitude or significance 
of other variables. 
3 The diversity Herfindhal index is created using the following equation 

!"#$%&"'( !"#$% = 100 ∗ (1 − !"#$!"!
10,000 ) 

Where !"#$!" is the percentage of students that are of race k at school i. 
4 For more on COLS, see Greene (2008). 
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maximum residual is identified and assumed to be on the production frontier. The 

maximum residual is added to each estimated achievement value to obtain the COLS 

estimation. Actual achievement values are then subtracted from the COLS estimates to 

produce the inefficiency term, which will be negative. To justify the use of SFA, the 

COLS residuals are tested for skewness. Under the condition of no inefficiency, the 

residual will have no skewness. No skewness reflects the property of spherical errors but 

a frontier production function can only have errors in one direction, downward (negative) 

to reflect inefficiency from the frontier. Skewness will manifest itself in the constant 

term, thereby requiring an adjustment to ensure consistency. If the test produces 

significant and negative results for skewness in the residuals, then inefficiency is present 

and both COLS and SFA are worthwhile tools for analysis. Results for the skewness test 

for all modeling techniques and model specifications are significant and negative, 

indicating SFA is indeed justified. The sign of the inefficiency term is switched so that a 

school with the lowest inefficiency has rank 1. 

3.2.2. Stochastic Frontier Analysis 

 The second type of estimates are derived using Stochastic Frontier Analysis 

(SFA), a two-step procedure that explicitly models the inefficiency term. The procedure 

consists of modeling the deterministic production frontier using maximum likelihood 

followed by the estimation of the inefficiency term. The production function for this 

procedure takes a Cobb-Douglas form similar to equation 1: 

!! = !!!!!!!!                                                    ( 6 ) 
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where !! is a random error term and !! is inefficiency term, and the term of interest. The 

product of these two terms equals !! in equations 1 and 2, which produces the same 

functional form as above. Again, the both sides of the production function are logged 

with the intent of setting up the SFA model for proper interpretation. Therefore, the linear 

estimation techniques require the production function be in log-linear form 

!! =  !+ !"#(!!)+ !"(!!)− !"(!!)                                    ( 7 ) 

Where ! + !"#(!!)+ !"(!!) is the deterministic portion of the production function with 

an additive error term and !"(!!) is the absolute value of the idiosyncratic school 

inefficiency. As above, !! is the log of the achievement measure. The coefficients 

contained in ! can be interpreted as elasticities of the inputs contained in the vector !!. 

The inefficiency is estimated via maximum likelihood and the distribution of the 

inefficiency term must be specified and therefore relies on the assumptions made about 

the distribution of the inefficiency term. 

 SFA allows for the separation of the inefficiency term from the random error term 

of the production function and the estimation of the inefficiency term via maximum 

likelihood. At its heart is the assumption that the production function residual is 

composed of a random component and an inefficiency component that has a lower bound 

of zero, which can be defined by rearranging equation 7: 

!! =  !+ !!! − !! + !!                                               ( 7 ) 

where !! and !! are independent. The inefficiency component has a lower bound of zero 

because the original estimation created the production frontier and !! must therefore be 

positive or equation 7 could allow actual production values above the frontier. Because 
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an unbiased estimation of !! depends on the proper specification of !!, an accurate model 

must control for heteroskedasticity within the production frontier estimation. This logic 

also allows for the possibility of heteroskedasticity in !! as well.5 

 The stochastic frontier analysis models uses the same regressors as the COLS 

specification and has the form: 

!"#$%#&'()"! = !+ !!"#$%&" !"#$%&'()*+,! + !!"#$%&'() !"#$%&! 
+!!"#$ + !! ( 8 ) 

where !!"#$ is the school level inefficiency term and !! is a random error term. !, !, and 

! are estimable coefficients and heterogeneity is controlled for on district identifier. The 

inefficiency term is modeled using truncated normal distribution. While there are other 

distributions that can be used to model inefficiency, it proved to be the most efficient 

from a computational standpoint compared to the exponential and gamma distributions. 

The truncated normal is preferred over the half-normal distribution because the mean of 

the inefficiency term is not significantly different from zero and the truncated normal 

distribution collapses to the half-normal distribution without imposing the restriction that 

the mean of the distribution is zero. All distributions produce similar coefficients and 

significance levels. The heterogenous SFA model uses the vector of the percentage of 

students that transfer out of a district as a proxy for competition, average administrator 

experience, and the administrator to teacher ratio to model the variance of the 

inefficiency term. This step is completed exogenously because the variance of the 

                                                
5 For further details of SFA and its variants, see Kumbhakar, Wang, and Horncastle (2015) or Greene 
(2008). 



 

 

16 

inefficiency term is assumed to be uncorrelated with the educational production 

function.6 

3.3. Ranking Comparison 

 The two estimation techniques are similar in that they both include a deterministic 

production function. The primary difference between the two lies in how the inefficiency 

is calculated. OLS is fully deterministic in the sense that any deviation from the 

production frontier is attributed to inefficiency. SFA allows for a more robust analysis of 

the inefficiency by separating out random shocks. By definition, this means inefficiency 

estimated by SFA will be smaller than inefficiency estimated by OLS. The inefficiency 

term can also be modeled to account for heteroskedasticity caused by things such as 

increased or decreased efficiency due to district or school size. 

 Once inefficiency terms are estimated, the correlation between the inefficiency 

ranking and the percentage of students passing ranking is calculated. This correlation is 

analyzed visually and statistically. Visual analysis is done by examining the scatterplot of 

the rankings against each other. If the ranking methods are similar, a clear positive 

correlation should exist. Statistical analysis is done by regressing the rankings across 

each other, thereby producing a correlation with significance. If there is no difference 

between rankings, the correlation should be significant and near 1. The models used for 

this methodology are described in detail in the next section. 

4. Results 

                                                
6 The COLS model will be referred to as model 1, SFA as model 2, and SFA where inefficiency 
heteroskedasticy is accounted for as model 3. 
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 Using the models and methodology described above, this paper finds a significant 

relationship between the difference of the inefficiency ranking and the ranking by 

percentage of students passing the MCA tests. Across all model specifications, schools 

that produce the highest passage rates are have greater variation in efficiency. In addition, 

the study reinforces past findings about the negative impact of low socio-economic status 

on educational performance and racial discrepancies between white students and students 

of color exist. 

4.1. Production Frontier Estimation 

 Table 2 shows regression results for the percentage of students passing the MCA 

test in math across the three different modeling techniques using student demographics 

and a dummy for whether a school is a high school or not. Table 3 extends that same 

model specification to include educational inputs to further control for variance across 

schools. All tables present the results in the following order. The first column is OLS, the 

second is SFA, and the third is SFA with a heteroskedastic inefficiency term. Because 

COLS is unbiased and SFA models the inefficiency term explicitly, we should expect 

similar coefficients across models for the production function. 

 The coefficients in Table 2 produce consistent significance patterns across all 

three models, except for the percentage of black students and the percentage of the 

student population that qualifies for special education services. COLS produces a 

coefficient that is roughly twice that produced by SFA, although the effect size is quite 

small. A 1 percent change in the percentage of black students with a corresponding 

negative change to the percentage of white students decreases the math MCA passage 
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rate at a school by 0.018 percent when SFA is used for the production function estimates. 

For context, a school that doubles the percentage of black students is expected to have a 

math MCA passage rate that is 1.8 percent lower. The corresponding effect size for 

COLS is negative 0.038 percent but it is not significant. SFA also produces a significant 

coefficient for the percentage of special education students, while COLS does not. These 

coefficients are roughly the same however, 0.066 for SFA and 0.062 for COLS. 

 All models produce significant coefficients for the percentage of American Indian 

students, students eligible for free and reduced price meals, and students with limited 

English proficiency. For all of these variables, COLS produces coefficient magnitudes 

that are at least double the magnitudes of SFA. A school that doubles the percentage of 

American Indian students is expected to have a math MCA passage rate that is 9.1 

percent lower when COLS is used to estimate the production function. SFA produces an 

effect size of negative 2.3 percent under the same circumstances. The percentage of 

students that qualify for free or reduced price lunch have the largest effect on the math 

MCA passage rate of any demographic category when only demographics are accounted 

for. According to COLS, a 10 percent increase in the percentage of students who qualify 

for free or reduced price meals leads to decrease in the math MCA passage rate of 2.64 

percent controlling for other demographics. The analogous SFA effect size is a decrease 

of 1.41 percent. 

 The significance of the percentage of limited English proficiency students on the 

math passage rate presents a theoretical problem. A student’s ability to use English 

should not have an impact on their math ability. It is possible to explain the significance 
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of the percentage of limited English proficiency students in two ways. First, the test 

indirectly assesses the student’s reading ability and does not accurately reflect the 

student’s true math achievement. Given the size of the testing environment and 

importance of passage for both students and schools, the author believes it is a reasonable 

to assume the test is valid and correctly assesses the student’s math ability.7 Therefore, 

the more likely cause of significance in this analysis is model misspecification. The 

model is extended to include educational inputs in Table 3 to address possible 

misspecification of the production function. 

 Table 3 presents this extended specification and it produces an insignificant 

coefficient for limited English proficiency. The cause of this change in significance is 

likely due to racial demographics accounting for more of the variation after educational 

inputs are controlled for. This can be evidenced by the significance of all coefficients on 

the racial population variables. Not only are all of these coefficients significant, they also 

increase in magnitude relative to the model specification without educational inputs. For 

example, a school that doubles the percentage of Hispanic students is expected to have a 

math MCA passage rate that is 11.7 percent lower when the production function is 

estimated using COLS and 3.9 percent lower when estimated using SFA. These results 

are roughly 10 times greater in magnitude compared to the model specification using 

only demographic variables. Again, the COLS estimates are over twice the size of SFA 

                                                
7 The question of test validity is not addressed in this paper and is an active part of education research. If 
the cause of significance of the percentage of limited English proficiency is indeed an invalid test, 
endogeneity will bias regression results. 
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estimates. These coefficients reinforce the idea of a strong racial achievement gap in 

Minnesota. 

 The educational inputs used to extend the model are all significant except for the 

coefficient on the student to teacher ratio. Of theses inputs, expenditure per pupil and the 

diversity index produce surprising results. While past studies have shown that 

expenditure can produce both positive and negative effects on achievement, this study 

shows a large negative effect of expenditure on math achievement. COLS estimates that a 

10 percent increase in expenditure per pupil decreases the math passage rate by 3.84 

percent and SFA estimates an analogous decrease of 2.13 percent in the math passage 

rate. It is likely that increases in expenditure are correlated with more challenging 

academic circumstances such as more students with limited English proficiency or 

special education needs. The coefficient on the diversity index is positive, which is 

surprising given it is more difficult to teach to a heterogeneous classroom. This could 

reflect the presence of peer effects, or the idea that better students in class help all 

students in a class and bad students are detrimental to the entire class. 

 Tables 4 and 5 display the regression results for the same model specifications as 

do Tables 2 and 3, but they use the log of the percentage of students that pass the MCA 

reading test as the dependent variable. Table 4 shows results for the restricted model 

specification. The high school dummy is again significant, as is the coefficient on the 

percentage of American Indian students. The percentage of Hispanic students actually 

produces a positive and significant impact on the number of students who pass the MCA 

reading test for only the COLS procedure using this specification. Schools with higher 
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percentages of students with limited English proficiency should expect to have lower 

passage rates on the reading MCA. The results indeed show this. COLS estimates that a 

school that doubles the percentage of students with limited English proficiency will have 

a passage rate that is 8.7 percent lower. SFA produces an effect size of negative 4.9 

percent on the reading passage rate.  

 Table 5 extends the model specification for reading to include educational inputs. 

The most notable change is the coefficient on the percentage of Hispanic students 

becomes negative and significant for COLS and both SFA models. This finding suggests 

there is a racial achievement gap for Hispanic students once educational inputs are 

controlled for and the gap extends to all other racial groups as well. Like the regressions 

for the math test, COLS produces an insignificant coefficient for the percentage of 

students who qualify for special education services and a positive and significant 

coefficient on the diversity index for all modeling techniques. 

 The extended specification differs substantially from the math regressions in that 

only the diversity index produces a significant coefficient for all models. The coefficient 

on the diversity index for SFA regressions indicates that a 10 percent increase on my 

diversity scale leads to a 1.61 percent increase in the reading passage rate, while the 

COLS estimate produces an effect of 2.54 percent on the reading passage rate. The COLS 

coefficient on expenditure is insignificant and the SFA coefficients are smaller in both 

magnitude and significance than those for the math test. These results may indicate a 

fairly standardized reading curriculum and pedagogy across schools or expenditures 
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being focused on things other than reading instruction such as classroom management or 

breakfast programs. 

4.2. Inefficiency and Ranking Analysis: 

 Estimated inefficiency terms are presented in Table 6. Note that the OLS 

inefficiency terms are defined as the percent inefficiency relative to the estimated 

production frontier and are comparable to the SFA mean inefficiency terms. As expected, 

all SFA inefficiency terms are smaller than are those produced using OLS and by a 

considerable margin. Mean inefficiencies differ slightly across modeling technique and 

model specifications, although the SFA inefficiencies are identical across model 

specifications. 

 The null hypothesis of this study is that a ranking of schools by the percentage of 

students passing the MCA exams produce similar results as a ranking of schools based on 

econometric inefficiency estimates. The first test of this hypothesis is a visual analysis of 

the difference between rankings. Figures 1 and 2 show scatter plots of the inefficiency 

rankings produced using COLS and SFA across the ranking by test scores for math and 

reading. All of the model specifications show a positive correlation for all model 

specifications and for both math and reading. The correlation tightens for the SFA 

models, meaning that explicit modeling of the inefficiency term produces a ranking much 

more similar to the test score ranking than an inefficiency ranking based on OLS 

residuals for a wider range of schools. Another interesting characteristic of the scatter 

plots is the much stronger correlation between rankings at the lower end of the 

performance distribution than the upper end. That is to say that schools that perform 
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extremely poorly on the basis of test scores also perform extremely poorly on the basis of 

efficiency. There is also a great deal more heterogeneity for the highest ranked schools 

than the lowest ranked schools. 

 To produce a more formal test of the null, this paper finds the correlation between 

the inefficiency ranking produced using COLS or SFA and the test score ranking. The 

correlations between COLS and SFA inefficiency rankings and test score rankings are 

found in Table 7 and are all positive and significant at the 0.01 level for all model 

specifications for both math and reading. These correlations corroborate the visual 

analysis and only the COLS specification for the reading test has a correlation less than 

0.5, with a correlation of 0.474. The correlations of the SFA estimations are stronger than 

the correlations for the OLS estimations, but there is no difference between SFA models 

when heterogeneous inefficiency is estimated. For both math and reading, OLS estimates 

produce a stronger correlation and SFA estimates produce marginally lower correlations 

once educational inputs are controlled for. Taken together, the visual analysis and 

correlational analysis support the null hypothesis of the study, that there is no difference 

between a school ranking based on test scores and a ranking based on inefficiency. There 

is, however, a strong correlation between COLS and SFA rankings. Table 8 shows the 

correlations between COLS inefficiency rankings and SFA inefficiency ranking. All 

correlations are greater than 0.9 indicating a strong relationship between the methods 

used to calculate inefficiency. 

 While statistical measures of the difference between the ranking systems show a 

positive correlation, the correlation between a naïve test score ranking and 
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econometrically estimated inefficiency ranking appears to change over the performance 

spectrum. The upper end appears to have a much greater variance in where schools land 

in each ranking relative to the lower end. Tables 9 through 12 show the top and bottom 

10 schools in math and reading for COLS and SFA inefficiency estimations. In each 

figure is each school’s ranking for each of the ranking systems.8 While there is a small 

amount of cross over in the schools that rank highly and poorly, there is a large 

discrepancy between the ranks of the top schools as defined by the inefficiency ranking 

and their corresponding test score ranking. The best schools from an efficiency 

perspective tend to rank somewhere in the middle of the test score ranking. This is a 

result that holds for both subjects and both models. In contrast, the schools that rank at 

the bottom of the efficiency rankings also rank at the bottom of the test score ranking. 

Such dramatic differences in the correlation at the upper and lower end of the 

performance spectrum should lead to interpreting the raw test score rankings with caution 

when attempting to identify the best schools. 

 

5. Conclusion: 

 This paper has examined the relationship between school ranking systems and 

finds that a ranking based on test scores has a positive correlation to rankings based on 

inefficiency and the correlation between the inefficiency rankings is above 0.9. Schools 

with very low performance rankings based on test scores have stronger correlations with 

rankings based on efficiency than do schools that perform better. The statistical results 

                                                
8 Rankings for SFA with heterogeneity are the same as those for SFA. 
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are surprising in the sense that previous studies have shown that socioeconomic 

conditions have measurable effects on academic achievement. The anecdotal evidence 

supplied by the top and bottom schools matches the conclusions drawn from a visual 

analysis of the ranking correlation scatterplots and accounts for the previous findings 

relating to socioeconomic conditions. Quantile regression could be a useful tool for future 

analysis of the difference in correlation across the performance spectrum. 

 So while the methodologies produce rankings that are statistically similar, 

interchanging the rankings for any type of analysis, especially at the upper end of the 

performance echelon, could lead to misleading results. If a state education policy body 

wants to identify best practices for statewide implementation by conducting case studies 

of the best schools, then controlling for student characteristics when identifying the best 

schools is important and will allow for a more nuanced anaylsis. Parents may also find 

the inefficiency ranking useful for school choice decisions. Although most schools at the 

top of the test score rankings tend to come from more affluent suburbs, a true comparison 

of the schools needs to account for the school’s ability to serve each of its students. The 

inefficiency ranking allows for a fairer comparison of schools as it controls for the 

socioeconomic conditions of its environment. Therefore, schools that serve difficult 

student populations exceptionally well may only be in the middle of the performance 

spectrum, which could lead families to select schools with a higher test score ranking 

rather than a school that serves its student population best. 

 Therefore, the choice of ranking methodology for school performance matters. 

Even though statistical tests show that there is a significant correlation between a test 
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score ranking and an inefficiency ranking, analysis of the highest ranked schools in each 

methodology show that there is considerable variation in which schools rank at the top of 

each ranking. If the goal of a ranking system is to establish a hierarchy of schools that 

allows for easy comparison, then these rankings cannot be used interchangeably. Future 

research should address the heterogeneity of the ranking correlation over the performance 

spectrum and using panel methods to better identify the impact of schools on 

standardized test passage rate. A particularly direct line of future study should use the 

ranking methods described here to examine what is driving the differences in ranking 

methodologies and the stark difference between ranking correlations at the top and 

bottom of the ranking spectrum. 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

27 

Bibliography: 

Aigner, D., Lovell, C. A. K., & Schmidt, P. (1977). Formulation and estimation of 

stochastic frontier production function models. Journal of Econometrics, 6(1), 

21–37.  

Greene, W. H. (2008). The Econometric Approach to Efficiency Analysis. In H. O. Fried, 

C. A. K. Lovell, & S. S. Schmidt (Eds.), The Measurement of Productive 

Efficiency and Productivity Change (pp. 92–250). Oxford University Press.  

Haelermans, C., & Ruggiero, J. (2015). Non-parametric estimation of the cost of 

adequacy in education: the case of Dutch schools. Journal of the Operational 

Research Society.  

Hansen, J., Michael, R. S., and Toutkoushian, R. K. (March 2007). Ranking Public 

School Districts: The Use Statistical Models to Assess Performance and Rank. 

Paper presented at the annual meeting of the American Education Finance 

Association, Baltimore, MD. 

Hanushek, E. A. (2008). Education Production Functions. In S. N. Durlauf & L. E. 

Blume (Eds.), The New Palgrave Dictionary of Economics (2nd ed., pp. 749–

752). Basingstoke: Nature Publishing Group.  

Hastings, J. S., & Weinstein, J. M. (2008). Information, School Choice, and Academic 

Achievement: Evidence from Two Experiments. The Quarterly Journal of 

Economics, 123(4), 1373–1414.  

Imazeki, J. (2008). Assessing the Costs of Adequacy in California Public Schools: A Cost 

Function Approach. Education Finance and Policy, 3(1), 90–108.  



 

 

28 

Imazeki, J., & Reschovsky, A. (2005). Assessing the Use of Econometric Analysis in 

Estimating the Costs of Meeting State Education Accountability Standards: 

Lessons from Texas. Peabody Journal of Education, 80(3), 96–125. 

Kumbhakar, S. C., Ghosh, S., & McGuckin, J. T. (1991). A Generalized Production 

Frontier Approach for Estimating Determinants of Inefficiency in U.S. Dairy 

Farms. Journal of Business & Economic Statistics, 9(3), 279–286.  

Kumbhakar, S. C., Wang, H.-J., & Horncastle, A. P. (2015). A Practitioner’s Guide to 

Stochastic Frontier Analysis Using Stata (Cambridge Books). Cambridge 

University Press.  

Reifschneider, D., & Stevenson, R. (1991). Systematic Departures from the Frontier: A 

Framework for the Analysis of Firm Inefficiency. International Economic 

Review, 32(3), 715–723.  

Ruggiero, J., & Vitaliano, D. F. (1999). Assessing the Efficiency of Public Schools Using 

Data Envelopment Analysis and Frontier Regression. Contemporary Economic 

Policy, 17(3), 321–331.  

Stevenson, R. E. (1980). Likelihood functions for generalized stochastic frontier 

estimation. Journal of Econometrics, 13(1), 57–66.  

Toutkoushian, R. K., & Curtis, T. (2005). Effects of Socioeconomic Factors on Public 

High School Outcomes and Rankings. The Journal of Educational Research, 98(5), 259–

271.  

 

 



 

 

29 

Table 1: Summary Statistics 
 N Mean Std. Dev. Min Max 
Reading MCA Passage Rate 1,092 57.160 15.944 0 95.600 
Math MCA Passage Rate 1,092 60.782 17.807 0 95.577 
% Female 1,092 48.880 2.990 32.193 69.939 
% American Indian 1,092 1.923 6.486 0 100 
% Asian 1,092 7.458 11.731 0 99.282 
% Hispanic 1,092 9.987 12.210 0 98.522 
% Black 1,092 12.329 17.429 0 100 
% Free or Reduced Price Meals 1,092 41.634 23.584 1.810 100 
% Limited English Proficiency 1,092 10.840 15.618 0.052 99.638 
% Special Education 1,092 13.425 4.358 1.812 54.545 
Expenditure per Pupil 1,092 11083.62 1682.19 7566 21,043 
Enrollment 1,092 623.312 417.923 11 3171 
High School Dummy 1,092 0.243 0.429 0 1 
Diversity Index 1,092 36.413 20.466 0 77.449 
Student-Teacher Ratio 1,092 16.157 3.107 3.081 33.273 
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Table 2: MCA Math Passage Rate (Demographics)9 
Log of Math MCA Passage Rate COLS SFA SFA w/ 

Heterogeneity 
Log of % Female -0.305 -0.079 -0.079 
 (0.202) (0.096) (0.096) 
Log of % American Indian -0.091*** -0.023** -0.0229** 
 (0.033) (0.009) (0.009) 
Log of % Asian 0.023 0.003 0.003 
 (0.022) (0.008) (0.008) 
Log of % Hispanic 0.018 -0.003 -0.003 
 (0.020) (0.008) (0.008) 
Log of % Black -0.038 -0.018** -0.018** 
 (0.028) (0.008) (0.008) 
Log of % Free or Reduced Price Meals -0.264*** -0.141*** -0.141*** 
 (0.047) (0.015) (0.015) 
Log of % Limited English Proficiency -0.070*** -0.036*** -0.036*** 
 (0.024) (0.010) (0.010) 
Log of % Special Education -0.062 -0.066*** -0.066*** 
 (0.082) (0.021) (0.021) 
High School -0.341*** -0.254*** -0.254*** 
 (0.025) (0.014) (0.014) 
Constant 6.635*** 5.478*** 5.478*** 
 (0.808) (0.385) (0.385) 
N 1092 1092 1092 
R-Square 0.435   
F-Statistic 29.25   
Log Likelihood -285.3 114.4 114.4 

 

 

 

 

 

 

 

                                                
9 The log of the percentage of White students is the reference group for racial groups. 



 

 

31 

Table 3: MCA Math Passage Rate (Demographics and Education Inputs)10 
Log of Math MCA Passage Rate COLS SFA SFA w/ 

Heterogeneity 
Log of % Female -0.214 -0.053 -0.053 
 (0.183) (0.091) (0.091) 
Log of % American Indian -0.125*** -0.041*** -0.041*** 
 (0.021) (0.011) (0.011) 
Log of % Asian -0.050** -0.026** -0.026** 
 (0.021) (0.010) (0.010) 
Log of % Hispanic -0.117*** -0.039*** -0.039*** 
 (0.033) (0.013) (0.013) 
Log of % Black -0.098*** -0.028*** -0.028*** 
 (0.029) (0.009) (0.009) 
Log of % Free or Reduced Price Meals -0.151*** -0.114*** -0.114*** 
 (0.042) (0.016) (0.016) 
Log of % Limited English Proficiency 0.050 0.010 0.010 
 (0.044) (0.021) (0.021) 
Log of Square of % Limited English Proficiency -0.019* -0.011** -0.011** 
 (0.011) (0.005) (0.005) 
Log of % Special Education -0.099 -0.121*** -0.121*** 
 (0.080) (0.023) (0.023) 
High School -0.309*** -0.241*** -0.241*** 
 (0.026) (0.015) (0.015) 
Log of Expenditure per Pupil -0.384*** -0.213*** -0.213*** 
 (0.112) (0.053) (0.053) 
Log of Enrollment 0.900*** 0.293*** 0.293*** 
 (0.298) (0.094) (0.094) 
Square of the Log of Enrollment -0.064*** -0.023*** -0.023*** 
 (0.023) (0.008) (0.008) 
Log of Diversity Index 0.221*** 0.081*** 0.081*** 
 (0.051) (0.020) (0.020) 
Log of Student-Teacher Ratio -0.087 -0.022 -0.022 
 (0.112) (0.043) (0.043) 
Constant 6.331*** 6.348*** 6.348*** 
 (1.433) (0.752) (0.752) 
N 1092 1092 1092 
R-Square 0.527   
F-Statistic 34.53   
Log Likelihood -188.1 146.7 146.7 

                                                
10 The log of the percentage of White students is the reference group for racial groups. 
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Table 4: MCA Reading Passage Rate (Demographics)11 
Log of Reading MCA Passage Rate COLS SFA SFA w/ 

Heterogeneity 
Log of % Female 0.120 -0.015 -0.015 
 (0.261) (0.085) (0.085) 
Log of % American Indian -0.061* -0.014* -0.014* 
 (0.035) (0.009) (0.009) 
Log of % Asian 0.002 0.003 0.003 
 (0.020) (0.008) (0.008) 
Log of % Hispanic 0.039** -0.005 -0.005 
 (0.019) (0.009) (0.009) 
Log of % Black -0.010 0.008 0.008 
 (0.027) (0.008) (0.008) 
Log of % Free or Reduced Price Meals -0.333*** -0.212*** -0.212*** 
 (0.047) (0.015) (0.015) 
Log of % Limited English Proficiency -0.087*** -0.049*** -0.049*** 
 (0.023) (0.009) (0.009) 
Log of % Special Education 0.031 -0.049** -0.049** 
 (0.074) (0.019) (0.019) 
High School -0.122*** -0.096*** -0.096*** 
 (0.018) (0.011) (0.011) 
Constant 4.819*** 5.284*** 5.284*** 
 (1.053) (0.340) (0.340) 
N 1092 1092 1092 
R-Square 0.443   
F-Statistic 32.52   
Log Likelihood -249.1 242.3 242.3 

 

 

 

 

 

 

 

                                                
11 The log of the percentage of White students is the reference group for racial groups. 
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Table 5: MCA Reading Passage Rate (Demographics and Education Inputs)12 
Log of Reading MCA Passage Rate COLS SFA SFA w/ 

Heterogeneity 
Log of % Female 0.230 0.014 0.014 
 (0.268) (0.081) (0.081) 
Log of % American Indian -0.110*** -0.048*** -0.048*** 
 (0.022) (0.010) (0.010) 
Log of % Asian -0.087*** -0.053*** -0.053*** 
 (0.024) (0.009) (0.009) 
Log of % Hispanic -0.122*** -0.082*** -0.082*** 
 (0.032) (0.012) (0.012) 
Log of % Black -0.091*** -0.027*** -0.027*** 
 (0.032) (0.009) (0.009) 
Log of % Free or Reduced Price Meals -0.192*** -0.165*** -0.165*** 
 (0.036) (0.014) (0.014) 
Log of % Limited English Proficiency 0.125*** 0.076*** 0.076*** 
 (0.046) (0.018) (0.018) 
Log of Square of % Limited English Proficiency -0.041*** -0.033*** -0.033*** 
 (0.009) (0.004) (0.004) 
Log of % Special Education -0.031 -0.096*** -0.096*** 
 (0.067) (0.020) (0.020) 
High School -0.108*** -0.088*** -0.088*** 
 (0.018) (0.013) (0.013) 
Log of Expenditure per Pupil -0.131 -0.087* -0.087* 
 (0.168) (0.045) (0.045) 
Log of Enrollment 0.680 0.095 0.095 
 (0.419) (0.094) (0.094) 
Square of the Log of Enrollment -0.046 -0.007 -0.007 
 (0.031) (0.008) (0.008) 
Log of Diversity Index 0.254*** 0.161*** 0.161*** 
 (0.049) (0.017) (0.017) 
Log of Student-Teacher Ratio 0.008 0.035 0.035 
 (0.107) (0.037) (0.037) 
Constant 2.403 5.188*** 5.188*** 
 (3.482) (0.692) (0.692) 
N 1092 1092 1092 
R-Square 0.548   
F-Statistic 42.18   
Log Likelihood -135.5 333.6 333.6 

                                                
12 The log of the percentage of White students is the reference group for racial groups. 
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Table 6: Estimated Mean Inefficiencies 
Subject and 
Covariates 

OLS SFA  SFA w/ 
Heterogeneity 

 

 Mean 
Inefficiency 

Mean u Mean 
Inefficiency 

Mean u Mean 
Inefficiency 

Math      
Demographics 

 
38.5% 0.220 24.6% 0.220 24.6% 

Demographics and 
Education Inputs 

 

31.0% 0.168 18.3% 0.168 18.3% 

Reading      
Demographics 

 
41.1% 0.262 29.9% 0.262 29.9% 

Demographics and 
Education Inputs 

35.8% 0.205 22.7% 0.205 22.7% 

 

 
 
Table 7: Ranking Correlations 
Model Demographics 

 
 Demographics and 

Inputs 
 

 OLS SFA SFA w/ 
Heterogeneity 

OLS SFA SFA w/ 
Heterogeneity 

       
Math 
MCA 

0.501 0.766 0.766 0.576 0.736 0.736 

       
Reading 
MCA 

0.474 0.673 0.673 0.559 0.637 0.637 

 
 
 
 
Table 8: COLS Inefficiency Ranking to SFA Inefficiency Ranking Correlations 

MCA Test and 
Model Specification 

Reading w/ 
Demographics 

Reading w/ 
Demographics and 
Educational Inputs 

Math w/ 
Demographics 

Math w/ 
Demographics and 
Educational Inputs 

     
Correlation 0.9241 0.9257 0.9005 0.9271 
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Table 9: Top and Bottom 10 – OLS Math 

Top 10 School 
OLS 
Rank 

SFA 
Rank 

Test Score 
Rank 

 
HIGHER GROUND SECONDARY ACADEMY  1 2 587 

 
ADELANTE COLLEGE PREPARATORY ACAD 2 1 397 

 
AURORA CHARTER SCHOOL 3 40 658 

 
HIAWATHA LEADERSHIP ACAD-MORRIS PK 4 4 418 

 
AURORA MIDDLE SCHOOL 5 281 832 

 
PARTNERSHIP ACADEMY, INC. 6 17 662 

 
MASTERY SCHOOL 7 176 611 

 
ROUND LAKE-BREWSTER SECONDARY 8 329 950 

 
COMMUNITY OF PEACE ACADEMY SEC. 9 6 729 

 
HOWE ELEMENTARY 10 140 646 

     Bottom 
10 School 

OLS 
Rank 

SFA 
Rank 

Test Score 
Rank 

 
LUCY LANEY @ CLEVELAND PARK ELEM. 1083 1082 1079 

 
DUGSI ACADEMY 1084 1085 1082 

 
AUGSBURG FAIRVIEW ACADEMY 1085 1084 1086 

 
LEARNING FOR LEADERSHIP CHARTER 1086 1086 1084 

 
SAGE ACADEMY CHARTER SCHOOL 1087 1087 1088 

 
EL COLEGIO CHARTER SCHOOL 1088 1088 1089 

 
ANISHINABE ACADEMY 1089 1089 1087 

 
HENDRICKS ELEMENTARY 1090 1090 1090 

 
PIERRE BOTTINEAU 1091 1092 1092 

 
WELLSTONE INTERNATIONAL HIGH 1092 1091 1091 
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Table 10: Top and Bottom 10 – SFA Math 

Top 10 School 
SFA 
Rank 

OLS 
Rank 

Test Score 
Rank 

 
ADELANTE COLLEGE PREPARATORY ACAD  1 2 397 

 
HIGHER GROUND SECONDARY ACADEMY 2 1 587 

 
WATERVILLE ELEMENTARY 3 19 4 

 
HIAWATHA LEADERSHIP ACAD-MORRIS PK 4 4 418 

 
VALLEY VIEW ELEMENTARY 5 13 369 

 
COMMUNITY OF PEACE ACADEMY SEC. 6 9 729 

 
WEAVER ELEMENTARY 7 34 183 

 
HARTLEY ELEMENTARY 8 52 9 

 
DISCOVERY JUNIOR HIGH 9 47 266 

 
SHAKOPEE JUNIOR HIGH EAST 10 45 427 

     Bottom 
10 School 

SFA 
Rank 

OLS 
Rank 

Test Score 
Rank 

 
PONEMAH ELEMENTARY 1083 1082 1083 

 
AUGSBURG FAIRVIEW ACADEMY 1084 1085 1086 

 
DUGSI ACADEMY 1085 1084 1082 

 
LEARNING FOR LEADERSHIP CHARTER 1086 1086 1084 

 
SAGE ACADEMY CHARTER SCHOOL 1087 1087 1088 

 
EL COLEGIO CHARTER SCHOOL 1088 1088 1089 

 
ANISHINABE ACADEMY 1089 1089 1087 

 
HENDRICKS ELEMENTARY 1090 1090 1090 

 
WELLSTONE INTERNATIONAL HIGH 1091 1092 1091 

 
PIERRE BOTTINEAU 1092 1091 1092 
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Table 11: Top and Bottom 10 – OLS Reading 

Top 10 School 
OLS 
Rank 

SFA 
Rank 

Test Score 
Rank 

 
HIGHER GROUND SECONDARY ACADEMY  1 1 582 

 
ADELANTE COLLEGE PREPARATORY ACAD 2 2 869 

 
AURORA MIDDLE SCHOOL 3 5 967 

 
ATHLOS LEADERSHIP ACADEMY 4 17 843 

 
ROUND LAKE-BREWSTER SECONDARY 5 71 791 

 
LINWOOD MONROE ARTS PLUS LOWER 6 6 638 

 
HENNEPIN ELEMENTARY SCHOOL 7 50 864 

 
BEST ACADEMY 8 246 963 

 
MARINE ELEMENTARY 9 77 9 

 
MOUNTAIN LAKE ELEMENTARY 10 3 304 

     Bottom 
10 School 

OLS 
Rank 

SFA 
Rank 

Test Score 
Rank 

 
JENNY LIND ELEMENTARY 1083 1082 1079 

 
RED LAKE SECONDARY 1084 1085 1087 

 
COLLEGE PREPARATORY ELEMENTARY 1085 1083 1084 

 
BETHUNE ELEMENTARY 1086 1086 1085 

 
PONEMAH ELEMENTARY 1087 1087 1089 

 
LUCY LANEY @ CLEVELAND PARK ELEM. 1088 1088 1086 

 
ANISHINABE ACADEMY 1089 1089 1088 

 
PIERRE BOTTINEAU 1090 1091 1090 

 
NATURAL SCIENCE ACADEMY 1091 1092 1092 

 
WELLSTONE INTERNATIONAL HIGH 1092 1090 1091 
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Table 12: Top and Bottom 10 – SFA Reading 

Top 10 School 
SFA 
Rank 

OLS 
Rank 

Test Score 
Rank 

 
HIGHER GROUND SECONDARY ACADEMY  1 1 582 

 
ADELANTE COLLEGE PREPARATORY ACAD 2 2 869 

 
MOUNTAIN LAKE ELEMENTARY 3 10 304 

 
HARTLEY ELEMENTARY 4 31 36 

 
AURORA MIDDLE SCHOOL 5 3 967 

 
LINWOOD MONROE ARTS PLUS LOWER 6 6 638 

 
EAGLE CREEK ELEMENTARY SCHOOL 7 15 132 

 
FRAZEE ELEMENTARY 8 26 120 

 
PEQUOT LAKES SENIOR HIGH 9 41 140 

 
WINDOM SENIOR HIGH  10 16 196 

     Bottom 
10 School 

SFA 
Rank 

OLS 
Rank 

Test Score 
Rank 

 
COLLEGE PREPARATORY ELEMENTARY 1083 1085 1084 

 
COMFREY SECONDARY 1084 1081 1073 

 
RED LAKE SECONDARY 1085 1084 1087 

 
BETHUNE ELEMENTARY 1086 1086 1085 

 
PONEMAH ELEMENTARY 1087 1087 1089 

 
LUCY LANEY @ CLEVELAND PARK ELEM. 1088 1088 1086 

 
ANISHINABE ACADEMY 1089 1089 1088 

 
WELLSTONE INTERNATIONAL HIGH 1090 1092 1091 

 
PIERRE BOTTINEAU 1091 1090 1090 

 
NATURAL SCIENCE ACADEMY 1092 1091 1092 
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Figure 1: Correlation Scatterplots - Math 
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Figure 2: Correlation Scatterplots - Reading 
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