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We Are the 5%: Which Schools Would Be Held
Accountable Under a Proposed Revision of the
Elementary and Secondary Education Act?

Andrew McEachin' and Morgan S. Polikoff2

This article uses data from California to analyze the results of the
proposed accountability system in the Senate’s Harkin-Enzi draft
Elementary and Secondary Education Act reauthorization. The
authors analyze existing statewide school-level data from California,
applying the accountability criteria proposed in the draft law.
Comparing the proposed system to the No Child Left Behind Act’s
Adequate Yearly Progress provisions, they draw conclusions about
the stability of the proposed identification schemes and the types of
schools likely to be identified. They conclude with several policy rec-
ommendations that could be easily incorporated into the law, based

on their analysis and the existing literature.

Keywords: accountability; achievement gap; educational policy;

policy analysis

s policymakers debate the reauthorization of the
AElementary and Secondary Education Act (ESEA), a

primary focus is on redesigning accountability systems.
The current accountability measure, Adequate Yearly Progress
(AYP), is criticized for focusing on achievement level rather than
growth (Ho, 2008; Kelly & Monczunski, 2007; Neal &
Schanzenbach, 2010), targeting students in a narrow band of the
achievement distribution (Ladd & Lauen, 2010; Neal &
Schanzenbach, 2010; Reback, 2008), and identifying too many
schools as failing (Linn, 2003). In response to these criticisms and
a growing desire to return control of accountability to the states,
Congress appears poised to replace AYP with more flexible
accountability rules.

There are multiple proposed ESEA revisions, but most share
two themes: reducing the number of schools deemed failing and
creating a fairer system that moves beyond holding schools
accountable for student inputs. In this article, we analyze a cur-
rent draft of the revised ESEA, the Senate’s Harkin-Enzi pro-
posal,! as a policy analysis case study in terms of reaching these
two desired changes and improving on the critiques of AYP.
We also demonstrate how existing public data sets can be used
to explore the likely consequences of proposed accountability

systems. Similar to prior NCLB research (Balfanz, Legters, West,
& Weber, 2007; Chester, 2005; Linn, Baker, & Betebenner,
2002; Porter, Linn, & Trimble, 2005), our findings can help
policymakers choose from among various design considerations
in ESEA reauthorization.

The Harkin-Enzi plan proposes identifying several groups of
low-performing schools for intervention. The first group is persis-
tently low achieving schools (PLAS)—the 5% of elementary,
middle, and high schools with the lowest achievement defined by
achievement level. The PLAS can also be identified by growth in
achievement or a combination of growth and level. Of non-PLAS,
a second group of achievement gap schools comprises two differ-
ent groups—the 5% of schools with the largest achievement gaps
(AGS), and the 5% of schools with the lowest subgroup achieve-
ment (LSAS). The proposal also allows states to use 1 to 3 years
of data. Thus, under Harkin-Enzi, the number of sanctioned
schools in a given year will be limited to 15% of Title I schools.

Before policymakers implement a new federal accountability
system, it would be beneficial to marshal evidence as to the
expected outcomes of such a system. Although we cannot see into
the future, we use existing data to explore likely outcomes of the
Harkin-Enzi proposal. We first evaluate the stability of the PLAS,
AGS, and LSAS designations using level- and growth-based mea-
sures of school performance over 1, 2, and 3 years of data.
Stability is defined as the year-to-year consistency in identifica-
tion in each accountability designation (Heck, 2006; Kane &
Staiger, 2002; Linn & Haug, 2002). We do not offer a criterion
for stability, as none exists in the literature. However, although
we do not expect perfect year-to-year stability, we also do not
want a system that identifies schools primarily on the basis of
random measurement error—thus we assume it is desirable for
stability to be reduced from current levels under AYP (where it is
very challenging for schools to improve enough to exit account-
ability) but to remain reasonably high for schools that are
not improving. We then evaluate whether the proposal creates a
fairer accountability system (i.e., reduced relationship between
school and student characteristics and accountability standings)
by examining the extent to which the proposed measures dispro-
portionately identify schools with the most challenging student
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characteristics (Balfanz et al., 2007; Darling-Hammond, 2007;
Heck, 2006; Kane & Staiger, 2002; Krieg & Storer, 2006).

In short, we offer guidance to policymakers, drawing on the
literature and our own findings, to help improve the proposed
accountability provisions before they are enacted. To that end, we
impose the proposed rules on prior school-level longitudinal
achievement data (2003-2004 to 2010-2011) from California
to investigate two questions:

1. How stable would PLAS, AGS, and LSAS classifications
be?

2. To what extent would these classifications identify the
types of schools they are designed to identify?

California is an ideal site for this analysis because of its large
size and its dual accountability system that uses both status and
school-level growth-to-proficiency measures of achievement,
which are increasingly common in state accountability systems
(McNeil, 2012). California is a unique state, owing to its size and
educational policy history, but it is not straightforward to predict
how the unique features of the state affect the results we identify.
We believe the most likely effects are that California’s large AYP
subgroup size (100 vs. a national modal value of 40 to 50; Harr-
Robins et al., 2012) and large school size (609 vs. 486; United
States Department of Education, 2010) would lead to an inflation
of stability estimates; thus, the results in this study may provide
an upper bound on the stability of the Harkin-Enzi proposal com-
pared to evaluations using data from smaller states and states with
smaller schools (Kane & Staiger, 2002; Linn & Haug, 2002).

We acknowledge that the enacted revisions will likely differ
from the Harkin-Enzi proposal. However, our research provides
timely evidence to help next-generation accountability policies
achieve their intended effects. We assume accountability policies
can only be effective insofar as they properly identify the “targets”
that need intervention. Thus, for school-level accountability, we
assume the goal is to identify consistently low-achieving schools
or schools with large achievement gaps that are not improving
over time.

We also acknowledge that our methods and findings are not
totally novel; indeed, our work is informed by earlier NCLB
research (Balfanz et al., 2007; Darling-Hammond, 2007; Ho,
2008; Linn et al., 2002; Porter et al., 2005) and research on the
design of accountability systems (Balfanz et al., 2007; Clotfelter
& Ladd, 1996; Kane & Staiger, 2002; Krieg & Storer, 2006;
Ladd & Walsh, 2002; Linn, 2003, 2004; Linn & Haug, 2002).
However, we show that the current draft legislation does not
account for the collective knowledge of the education research
community about accountability system design, suggesting a
need for a clear reminder. Thus, we identify several straightfor-
ward approaches to properly identifying the schools most in need
of improvement that could be incorporated into future ESEA
drafts or state NCLB waiver plans.

Background
Prior Literature

There is extensive literature on the intended and unintended
consequences of accountability policies (Carnoy & Loeb, 2002;
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Cullen & Reback, 2006; Dee & Jacob, 2011; Figlio, 2006; Figlio
& Getzler, 2002; Figlio & Loeb, 2011; Hanushek & Raymond,
2005; Jacob & Levitt, 2003; Krieg, 2011; Krieg & Storer, 20065
Neal & Schanzenbach, 2010; Reback, 2008) and the design and
measurement problems associated with school-level accountabil-
ity systems (Dunn & Allen, 2009; Hill & DePascale, 2003; Ho,
2008; Ho, Lewis, & Farris, 2009; Ladd & Walsh, 2002; Linn,
2000, 2004; Linn et al., 2002; Linn & Haug, 2002; Porter et al.,
2005; Weiss & May, 2012). In this review, we briefly outline the
accountability literature on the stability and fairness of the
school-level performance measures under AYP.

Most accountability systems assume that student achieve-
ment, measured by annual achievement tests, adequately repre-
sents school quality. This assumption presumes that student
achievement test results are strongly related to future labor mar-
ket outcomes (Chetty, Friedman, & Rockoff, 2011). However,
research indicates several validity issues related to the use of stu-
dent achievement to assess school quality. First, it is difficult to
compare proficiency across states because of variation in profi-
ciency cut scores (de Mello & McLaughlin, 2009; Fuller, Wright,
Gesicki, & Kang, 2007; Linn et al., 2002; Reed, 2009). Second,
AYP’s use of a status measure of achievement, rather than growth,
does not adequately consider schools” student composition or
academic improvement (Heck, 2006; Kim & Sunderman, 2005;
Krieg & Storer, 2006; Porter et al., 2005; Weiss & May, 2012).
Third, it is difficult to compare school performance over time as
changes in school-level proficiency rates are unreliable (Ho,
2008; Kane & Staiger, 2002; Linn, 2004). Fourth, the growth-
to-proficiency models allowed under NCLB (i.e., growth model
pilots, safe harbor) do not meaningfully account for school
improvement (Ho et al., 2009; Polikoff & Wrabel, 2012; Weiss
& May, 2012).

A desirable accountability system would consistently hold
low-performing schools accountable for only that portion of stu-
dent performance under the school’s control. A few pre-NCLB
accountability systems used statistical adjustments to remove the
variance in students’ test scores unrelated to school-controlled
factors (Clotfelter & Ladd, 1996). However, AYP holds schools
accountable solely for student proficiency rates. Thus, research
indicates that several types of schools are more likely to fail AYD:
larger, more diverse schools with more significant subgroups
(Balfanz et al., 2007; Krieg & Storer, 2006); schools with signifi-
cant populations of particular disadvantaged subgroups such as
students with disabilities or English-language learners (Balfanz
etal., 2007; Krieg & Storer, 2006); and schools with lower initial
achievement (Riddle & Kober, 2011). Together, these problems
suggest AYP is not well designed for fairly identifying schools
based on their performance in improving student learning
(Darling-Hammond, 2007; Linn, 2003; Neal & Schanzenbach,
2010).

The Harkin-Enzi proposal improves on some but not all of
these issues. For instance, the proposal allows states to make more
use of growth than is true under AYP; however, it is unclear if the
proposal allows student growth (i.e., year-to-year improvements
in individual students test scores) or the school-level growth-to-
proficiency models proposed by most states applying for NCLB
waivers. The proposal would also reduce but not eliminate the

diversity penalty, because the AGS and LSAS would focus only



on the largest achievement gap and the lowest subgroup profi-
ciency rate. Furthermore, the proposal would solve the problem
of varying school failure rates across states, because the bottom
15% of schools in each state would be targeted for accountability.
However, the revised law would not appear to solve the problem
of schools with challenging student inputs bearing the brunt of
accountability, based on the continued use of a status model of
accountability. Nor is it clear whether it would be as difficult for
schools to improve enough to move out of the failing category as
it is currently. Thus, there remain important questions about the
proposed measures, and our analysis contributes to the national
discussion on these issues.

Adequate Yearly Progress

The AYP provisions hold schools and districts receiving Title I
funds accountable for student achievement. States must test
students in Grades 3-8 and at least once in high school in
mathematics and English language arts (ELA); these are the
results used for AYP. Each state is required to set proficiency
cutscores and proficiency rate goals (the annual measurable
objective [AMO]), and these goals are increasing to 100% in
2014. The same proficiency goal is used for the whole school
and for subgroups defined by race/ethnicity, poverty, special
education, and English-language learner status. Only numeri-
cally significant subgroups that exceed a state-chosen size are
used for accountability; in California, the minimum subgroup
size is 100 or, if the subgroup is 15% or more of the school
population, 50. A school or district where one subgroup fails
one AMO fails AYP and is potentially subject to sanctions.
Schools failing AYP in 2 straight years enter Program
Improvement (PI) status; schools progress through the five PI
levels and sanctions each year they fail AYP. There are some
exceptions to these rules such as the safe harbor provisions and
the pilot growth program (in participating states).

Public School Accountability Act

In 1999, the California State Senate passed the Public School
Accountability Act (PSAA), which created the Accountability
Performance Index (APL; EC 50251). The AP is a weighted aver-
age of students’ ELA, math, history, and science California
Standards Test (CST) performance levels. Each performance level
is associated with a point value: 1000 for advanced, 875 for pro-
ficient, 700 for basic, 500 for below basic, and 200 for far below
basic. Furthermore, each subject is given a specific weight, with
most of the weight for ELA and mathematics. The schoolwide
APT target is 800. Schools are also accountable for subgroup API
scores. However, we only use schoolwide API here because the
Harkin-Enzi proposal does not mention the use of growth mea-
sures for the AGS or LSAS designations.

If schools have an API below 800, they must meet annual
growth targets, where growth is defined as the difference between
the current year’s and the previous year’s AP scores. Schools with
APIs above 800 do not have growth targets; thus, we replace these
schools if they fall in the bottom 5%, with the adjacent lowest-
performing school with an API below 800.2 In this article, we use
API growth to evaluate the possibility of using growth measures
under the proposed ESEA, as this would likely be the growth

measure used in California.

Data

To investigate how the proposed ESEA revisions would likely
impact California accountability, we use an 8-year panel of
school-level data from the California Department of Education
(available at http://www.cde.ca.gov/ta/ac/ay/) to establish the
PLAS, AGS, and LSAS. The AYP data set includes school and
subgroup proficiency rates on annual math and ELA tests, school
demographics, and indicators for whether each subgroup was sig-
nificant under AYP. Although most special education students
take the CSTs, these results include alternate achievement test
results that are used for AYP accountability.? The data set also
includes basic school characteristics such as total enrollment and
indicators for Title 1 receipt and school level (elementary, mid-
dle, or high). The API data set includes schools” API level and
growth scores. We focus only on elementary and middle schools
in this analysis, because we are more focused on design issues
related to the use of achievement test data (as opposed to gradu-
ation rates), and because API and AYP calculations in California
high schools use different assessment data, making comparisons
of status and growth models less clear.

We do not have access to statewide student-level data for
California and thus cannot estimate student-level growth models.
Given the findings of others (e.g., Ladd & Walsh, 2002; Weiss &
May, 2012) we believe student-level growth models are superior
to school-level growth and growth-to-proficiency models like
those used in California and proposed in the large majority of
states currently seeking NCLB waivers (McNeil, 2012). Thus, we
view our findings as to growth and combined status/growth mod-
els as a “lower bound” on the quality of those estimates.

Methods
Identifying Schools

We use three different measures of school performance to find
the PLAS: status, growth, and combined. For the status approach,
we averaged each school’s ELA and math proficiency rates for
a given school year, rank-ordered the schools according to the
average proficiency rates, and labeled the schools in the fifth-
percentile or lower as the PLAS (status). For the growth approach,
we ranked schools by API growth each year and labeled the
schools in the fifth-percentile or lower as the PLAS (growth). For
the combined approach, we standardized each school’s average
proficiency rates and API growth using state means and standard
deviations, ranked the schools using the simple average of the two
standardized measures, and grouped the schools in the fifth-
percentile or lower as the PLAS (combined). We also ran these
analyses using 2- and 3-year rolling averages of each measure.

We used subgroup proficiency rates to find the AGS and
LSAS. Per the Harkin-Enzi proposal, we excluded the PLAS from
the LSAS and AGS. For both designations, we used the average
of ELA and math proficiency rates for significant subgroups. To
find the LSAS, we ranked schools according to the combined
ELA/math proficiency rate from their lowest-performing sub-
group, classifying the schools in the fifth-percentile or lower as
LSAS. To find the AGS, we took the difference between each
school’s highest- and lowest-performing significant subgroups,
rank-ordering them to identify the schools in the fifth-percentile
or lower as the AGS.
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Table 1
Share of Schools Identified as Low Performing Under the 5 Accountability
Groups Across 2, 3, and 4 Consecutive Years

Status Growth Combined Ach Gap Subgroup NCLB
2 years 0.68 0.04 0.12 0.65 0.57 0.76
(0.02) (0.02) (0.02) (0.02) (0.01) (0.06)
3 years 0.53 0.00 0.02 0.47 0.33 0.61
(0.02) (0.00) (0.01) (0.02) (0.02) (0.05)
4 years 0.43 0.00 0.01 0.37 0.25 0.50
(0.02) (0.00) (0.00) (0.02) (0.03) (0.04)
2-year rolling averages
2 years 0.80 0.22 0.41 0.70 0.65
(0.02) (0.03) (0.05) (0.02) (0.04)
3 years 0.64 0.03 0.15 0.51 0.38
(0.02) (0.01) (0.04) (0.02) (0.02)
4 years 0.53 0.01 0.08 0.40 0.27
(0.02) (0.01) (0.03) (0.01) (0.03)
3-year rolling averages
2 years 0.82 0.28 0.54 0.75 0.70
(0.02) (0.03) (0.04) (0.02) (0.03)
3 years 0.68 0.07 0.31 0.58 0.46
(0.02) (0.03) (0.02) (0.01) (0.03)
4 years 0.57 0.01 0.18 0.45 0.33
(0.01) (0.01) (0.00) (0.02) (0.03)

Note: Ach Gap = achievement gap; NCLB = No Child Left Behind.

We use descriptive and multivariate analyses to answer our
research questions. We first measure the stability of the five
accountability rankings in three ways. First, we compare how
many schools identified in each category in year rare still identi-
fied in years £ + 1 to ¢ + 3. Second, we identify the number and
proportion of schools that fail under each of the five classifica-
tions across the 8-year period. Finally we examine how non-PI,
PI1-P12, and PI3+ schools fare under the PLAS status, growth,
and combined systems using 1 and 3 years of data. In each case,
we compare to the AYP status quo. Finding that 3-year averages
result in improved stability, we answer the second question using
3-year averages.

Next, we compare the characteristics of schools failing under
cach of the five categories using descriptive statistics and panel
logistic regressions with time fixed-effects and cluster-robust
standard errors. Specifically, we use the five accountability cate-
gories as separate dichotomous outcomes and regress them on:
the first lag of the dependent variable (prior year’s status in the
accountability category); school proportions of special education
and non-Asian minority students; indicators for significant Asian
or White populations in the school; a count for the number of
significant minority/traditionally underserved subgroups (i.c.,
Hispanic, ELL, FRL, special education, Black, American Indian,
Pacific Islander, and Filipino); the natural log of the school’s
enrollment; and an indicator for elementary schools.

Results
How Stable Are Classifications?

As expected, the five criteria result in markedly different stability.
The top section of Table 1 reports the stability of each measure
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over a 2-, 3-, and 4-year period based on 1 year of data. The most
stable measures are PLAS status and AGS. Approximately two-
thirds of schools identified on these measures are identified again
the next year, 50% the next 2 years, and 40% the next 3 years.
The next most stable is the LSAS, which identifies 57% of the
same schools the subsequent year, 33% the next 2 years, and 25%
the next 3 years. These three classifications are only slightly less
stable than the current NCLB system (rightmost column). In
contrast, PLAS growth and combined measures have little stabil-
ity. The combined measure identifies just 12% of schools across
2 years and 2% or less across 3 or more years. The growth mea-
sure has less than 1% stability over a 2-, 3-, or 4-year period.

Not surprisingly, 2- and 3-year rolling averages increase the
stability of all five accountability classifications, as seen in the
bottom two panels of Table 1. The LSAS growth and combined
classifications improved the most, with growth measures improv-
ing from 4% stability to 22% and 28% and combined measures
improving from 13% to 41% and 54% stability, respectively,
using 2- and 3-year averages.

In Table 2, we present stability differently, identifying the pro-
portion of schools that fail under each classification across a
6-year period (2005-2006 to 2010-2011) using 1 and 3 years of
achievement data. The proportion of schools failing at least once
could range from 5% (a perfectly stable system identifying the
same schools each year) to 30% (a perfectly random system that
identifies schools no more than once). The PLAS status, AGS,
and LSAS categories identify approximately 11% of Title 1 ele-
mentary and middle schools as failing using 1 and 3 years of data,
compared with 14% to 21% for PLAS growth and combined
categories. Table 2 also highlights that PLAS status, AGS, and
LSAS schools are often identified as failing for many years. For



Table 2
Number of Times a School Fell Into One of the Following Accountability Categories
Over a 6-Year Period Using 1 and 3 Years of Data

Status Growth Combined Ach Gap Subgroup Any of 5 NCLB
Tyear 3vyears 1year 3years 1year 3years 1year 3vyears 1year 3years 1year 3years 1 year
Never 90.21 91.60 79.04 81.36 82.13 86.77 90.24 90.84 88.57 88.93 59.07 62.40 11.65
1 year 3.80 224 1821 1343 1345 6.74 3.69 2.90 5.98 4.83 21.45 15.47 13.99
2 years 2.36 1.82 2.61 4.02 3.29 3.23 2.01 1.97 2.48 2.50 8.44 7.92 18.44
3 years 1.13 1.15 0.14 1.09 0.93 1.66 1.57 1.70 1.04 1.53 3.70 5.09 17.67
4 years 1.05 1.09 0.00 0.10 0.18 0.99 0.83 0.72 0.74 0.85 2.30 3.07 15.21
5 years 0.46 0.59 0.00 0.00 0.00 0.34 0.83 0.74 0.66 0.68 2.00 2.06  12.00
6 years 0.99 1.51 0.00 0.00 0.02 0.28 0.83 1.12 0.53 0.68 3.03 3.98 11.03
N 5048 5048 5048 5048 5048 5048 4715 4715 4715 4715 5048 5048 5048
Note: Values are percentages. Ach Gap = achievement gap; NCLB = No Child Left Behind.
Table 3
Share of Schools in the PLAS Status, Growth, and Combined Category by Schools’
2005-2006 PI Status From 2006 to 2011
Status? Growth? Combined? NCLB"
1 year 3 years 1 year 3 years 1 year 3 years 1 year
Non-Pl (N =3267) 16.89 9.14 71.05 73.74 44.48 24.25 54.85
PI12 (N =769) 27.52 26.92 14.32 13.30 22.87 28.06 21.98
PI35 (N =716) 55.59 63.95 14.63 12.97 32.65 47.69 23.17

Note: Values are percentages. PLAS = persistently low achieving school; Pl = Program Improvement.
*Column displays the percentage of schools in the accountability category in a given year by their 2005-2006 P! status.
bEach column displays the percentage of schools by 2005-2006 P! status that failed NCLB in given year.

instance, 25% of the schools identified as PLAS or AGS at least
once over the 6-year period were in the bottom 5% for 4 or more
years. In contrast, almost none of the LSAS growth or combined
schools, except for combined schools based on a 3-year average,
were in the bottom 5% for that many years. Indeed, the large
majority of LSAS growth and combined schools that fell into the
bottom 5% did so exactly once. Overall, just 59% of Title I
schools fell into the bottom 5% of at least one of the five mea-
sures in at least one of the 6 years, fewer than the 89% of schools
that failed AYP during the period.

We finally compare how the current AYP system relates to the
proposed system by evaluating the identification patterns across
the proposed PLAS status, growth, and combined categories
based on schools’ PI status (not in PI, in PI1 or PI2, or in PI3—
PI5) entering the 2005-2006 school year. A few interesting
patterns emerge. First, Table 3 shows that most of the schools
identified by PLAS status in 2006 through 2011 were in PI in
2005-2006, and this trend increases when using 3 years of data.
In contrast, most of the PLAS growth schools using either 1 or
3 years of data were not in PI status as of 2005-2006, indicating
that a growth-only approach would identify different schools
than are currently identified. The combined measure is a blend
of the status and growth measures. It is only when using 3 years
of data that the PLAS combined measure approaches the patterns
of the PLAS status category.

As predicted by prior research, the status measures are the
most stable, followed by combined and growth measures (Linn,

2000; Linn & Haug, 2002). Three-year rolling averages are more
stable than 1-year measures. Given that a 3-year average com-
bined measure accounts for growth without the stability prob-
lems of a growth-only system, it is the preferred system for PLAS.
The LSAS and AGS classifications are also quite stable using roll-
ing averages. Thus, in the next analysis, we analyze the types of
schools identified in the PLAS, AGS, and LSAS categories using
3-year rolling averages.

Which Schools Would Be Identified?

We next examine descriptive statistics for the failing schools in
each category in 2011 based on 3-year averages (Table 4). For the
three PLAS classifications, there are dramatic differences in
school demographics and performance. The defining character-
istics of schools failing under a status model are their racial/ethnic
and poverty concentrations and school level. The typical school
failing on proficiency status is 85% Black or Hispanic and 90%
free/reduced-price lunch eligible, compared to statewide Title 1
averages of 68% and 75%. These schools are more likely to be
middle schools (63%) than is typical (16%), and they are 30%
larger than average. Finally, although these schools by definition
have the lowest proficiency rates, they average in the 46th percen-
tile in API growth.

In contrast, the defining characteristic of schools failing under
a growth-only model is their small size. Growth-only schools are
demographically similar to all Title 1 schools; however, growth-
only schools are 22% smaller than the statewide average. These
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Table 4
Demographics of Schools Falling in the Bottom 5% Under Each Classification in 2011

Status Growth Combined Ach Gap Subgroup All Title 1 Schools NCLB
M SD M SD M SD M SD M sD M SD M SD
% Black 0.15 0.18 0.10 0.15 0.16 0.20 0.06 0.09 0.08 0.10 0.07 0.12 0.08 0.12
% Asian 0.04 0.06 0.05 0.08 0.04 0.07 0.16 0.17 0.07 0.09 0.08 0.12 0.07 0.11
% Hispanic 0.70 0.25 0.60 0.28 0.64 0.27 0.51 0.20 0.67 0.21 0.61 0.27 0.63 0.26
% Sp. Ed. 0.13 0.11 0.13 0.08 0.12 0.10 0.12 0.04 0.13 0.04 0.12 0.06 0.12 0.06
% White 0.06 0.12 0.19 0.21 0.10 0.16 0.24 0.17 0.15 0.16 0.20 0.23 0.18 0.21
% ELL 0.51 0.22 0.42 0.24 0.46 0.23 0.41 0.20 0.42 0.18 0.43 0.24 0.44 0.23
% FRL 0.90 0.13 0.82 0.17 0.88 0.14 0.61 0.19 0.79 0.16 0.75 0.22 0.77 0.20
Sig. Black 0.35 0.48 0.16 0.37 0.32 0.47 0.18 0.38 0.28 0.45 0.12 0.33 0.14 0.35
population
Sig. Asian 0.06 0.23 0.05 0.21 0.05 0.22 0.40 0.49 0.13 0.34 0.10 0.30 0.10 0.30
population
Sig. Hispanic 0.84 0.37 0.80 0.40 0.79 0.41 0.95 0.21 0.99 0.10 0.87 0.34 0.91 0.28
population
Sig. Sp. Ed 0.27 0.45 0.09 0.29 0.16 0.37 0.36 0.48 0.67 0.47 0.11 0.31 0.13 0.34
population
Sig. White 0.05 0.22 0.27 0.45 0.08 0.27 0.67 0.47 0.40 0.49 0.35 0.48 0.35 0.48
population
Sig. ELL 0.82 0.38 0.76 0.43 0.77 0.42 0.92 0.27 0.94 0.23 0.80 0.40 0.84 0.37
population
Sig. FRL 0.88 0.32 0.87 0.34 0.87 0.34 0.98 0.14 1.00 0.07 0.93 0.26 0.96 0.18
population
No. of sig. 3.19 1.37 2.70 1.23 2.93 1.37 3.47 0.90 3.92 0.76 2.85 1.04 3.01 0.92
minority
populations
Enrollment 621.00 477.90 343.70 199.00 469.90 349.00 656.30 430.70 846.60 507.00 439.90 271.30 468.50 286.10
Elementary 0.37 0.48 0.90 0.30 0.56 0.50 0.57 0.50 0.27 0.44 0.84 0.37 0.81 0.39
school
Average 0.28 0.07 0.42 0.10 0.28 0.07 0.58 0.10 0.42 0.08 0.54 0.13 0.51 0.12
proficiency
rate
Average 0.99 0.02 1.00 0.01 0.99 0.02 1.00 0.01 1.00 0.01 1.00 0.01 1.00 0.01
participation
rate
API growth 12.10 3290 -20.88 30.86 -5.13  34.73 9.06 17.21 9.39 19.06 9.43 25.38 3.09 21.75
Proficiency rate  3.01 1.42  35.03 22.69 6.23 6.03 62.83 24.16 22,53 20.12 50.49 28.87 46.51 27.74
percentile
API growth 45.70  29.90 7.57 1348 19.22  20.11  49.63 2649 49.66 25.08 50.07 28.92 4544 27.90
percentile
Combined 6.16 7.47 1525 1347 3.00 1.42 60.72 2430 24.64 18.82 50.50 28.87 4456 27.25
measure
percentile

Note: ELL = English language learner; FRL = free or reduced-price lunch; Sig. = significant; Sp. Ed. = special education; APl = Accountability Performance

Index.

schools are moderately low achievers, with proficiency rates in
the 35th percentile. Clearly, a growth-only system disproportion-
ately identifies small schools with larger year-to-year test score
fluctuations.

Identifying PLAS by combining status and growth results in
the identification of schools that are in between those identified
under growth-only and status-only models. For instance, these
schools are average in size, despite being 28% more likely to be
middle schools than is typical. These schools look similar in
racial/ethnic and poverty distribution to status-only schools
except that they are 4% more White and 6% less Hispanic than
status-only schools. Finally, these schools are low achievers on
status (6th percentile) and growth (19th percentile).
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As for the AGS, they have more White and Asian students and
more significant White and Asian subgroups than is typical.
Indeed, every AGS school over the study period was identified
because of a gap including either White (57%) or Asian (43%)
students. On average, these schools are two-thirds larger and have
fewer students in poverty than average. Last, AGS are not low-
achieving schools, with average status, growth, and combined
rankings in the 49th to 62nd percentiles. These are different
schools than have been identified under NCLB or PSAA.

The LSAS are schools with many subgroups; they are more
likely than other schools to have a significant special education
subgroup, and they have more significant subgroups than other
schools. Predominantly (73%) middle schools, they are nearly



Table 5
Logistic Regressions Predicting Bottom 5% Classification in Five Categories and Under NCLB, 2006-2011

Status Growth Combined Ach Gap Subgroup NCLB All
(1 2 “ (5) (6)
Lagged dependent ~ 217.388%** 8.435%** 25.846%** 147.342%** 77.530%** 2.785%**
variable (28.520) (0.698) (2.374) (17.679) (8.415) (0.110)
% special 0.741 1.115 0.833 0.622 26.004*** 1.119
education (0.496) (0.482) (0.479) (0.664) (21.895) (0.433)
% minority 12.820%** 1.363 4.224%xx* 0.692 1.698 2.426%**
(7.139) (0.332) (1.406) (0.264) (0.722) (0.307)
Significant White 0.518** 1.096 0.380*** 3.696%** 1.078 1.055
population (0.125) (0.115) (0.060) (0.507) (0.184) (0.056)
Significant Asian 0.809 0.822 0.708" 4.258%** 0.807 0.733%**
population (0.175) (0.125) (0.125) (0.592) (0.151) (0.048)
No. of significant 1.159 1.268%** 1.1207 1.817%* 1.836%** 1.577%*
minority (0.109) (0.063) (0.070) (0.148) (0.160) (0.042)
In(enrollment) 0.544%** 0.407*** 0.519%** 0.8027 1.085 1.154%**
(0.069) (0.031) (0.046) (0.100) (0.143) (0.047)
Elementary 0.130%** 0.790* 0.169*** 0.480*** 0.296*** 0.343***
school (0.019) (0.085) (0.017) (0.069) (0.042) (0.022)
Constant 0.157* 3.8571%** 1.433 0.008*** 0.002%*** 0.288***
(0.117) (1.539) (0.727) (0.007) (0.001) (0.071)
Psuedo-R? .6710 .1060 .3430 .5740 .5090 2130
No. of schools 4772 4772 4772 4443 4443 4772

ip<.10.*p <.05. **p < .01. ***p < .001.

double the statewide average size for Title 1 schools. The vast
majority of these schools fail due to special education (74% of
failing schools during the study period) and ELL subgroups
(18%). Finally, these are low-achieving schools in proficiency
level (23rd percentile); however, they are average in growth.

Logistic regressions. Table 5 displays logistic regressions predict-
ing identification in the bottom 5% on each classification in
2011. Among the PLAS models, the status-only approach is
stacked against schools that failed last year, schools with more
minority students, and middle schools. In contrast, growth-
only approaches are more moderate in their relationships with
observable school characteristics, with the exception of penal-
ties for schools with more special education students, fewer
Asian students, and smaller sizes. The combined approach is
generally in between the other approaches, penalizing schools
with more minorities and that failed last year, but not as much
as a status-only approach. For the AGS, schools with significant
Asian or White populations are more likely to be in the bottom
than schools without significant populations. Also, schools
with more significant minority subgroups and schools that were
in the bottom 5% on AGS last year are more likely to be in the
bottom. Last, the LSAS model shows that schools with more
special education students are more likely to be in the bottom
5%, as are schools with more significant minority subgroups
and schools that fell in the bottom 5% in LSAS in the previous
year.

A few patterns appear across all five models. In none of the
classifications are larger schools significantly more likely than
smaller schools to fall in the bottom 5%; however, the opposite
is true under AYP (rightmost column). On the other hand,

elementary schools are significantly less likely than middle
schools to fail under all five classifications and the current AYP
system. This indicates that when an accountability system groups
large schools, small schools, and elementary and middle schools
together, there will be an unequal distribution of bottom 5%
classifications across school types and sizes.

Discussion

Our results have implications for policymakers currently debat-
ing ESEA reauthorization. The first is that the types of schools
identified as being in the bottom 5% will vary dramatically
depending on whether status, growth, or a combination is used.
Status models identify middle schools serving more poor and
minority students. Although low-achieving, these schools are
near the average in terms of proficiency growth. In contrast,
growth models identify smaller schools that are demographically
typical, perhaps suggesting they are mainly identifying random
year-to-year fluctuations. A combined model —here the average
of the standardized proficiency rate and API growth scores—
identifies schools that are low-performing on achievement status
and growth. These are the schools we most want to identify for
improvement.

The second finding is that the stability of classifications in
a growth or combined model is near zero if only 1-year data are
used. This suggests that, as with evaluating teachers’ contribu-
tions to student learning, year-to-year comparisons are noisy
(Kane & Staiger, 2002). However, simple 3-year averages of com-
bined proficiency level and growth measures dramatically reduce
this noisiness and still focus the PLAS on low-achieving, low-
growing schools.
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Third, the AGS criterion expands accountability to a different
set of schools—schools with moderate and improving achieve-
ment but consistently large achievement gaps. These AGS are
stable across time—nearly as stable as PLAS defined by status.

Fourth, the subgroup criterion for identifying the bottom 5%
is mainly a measure of the performance of students with disabili-
ties in schools that have a significant number of those students.
This is likely not what lawmakers have in mind for this measure.
This finding may highlight a tension between inclusion and uni-
versal accountability (Thurlow, 2004).

Last, elementary schools are favored over middle schools
under all criteria, as they were under AYP. Unless we really believe
that elementary schools are so dramatically better than middle
schools, this finding speaks to a flaw in the proposed methods of
identifying schools.

Given these findings, we offer six policy recommendations for
a revised ESEA:

1. Persistently low-achieving schools should be identified
using status and growth data, ideally incorporating infor-
mation from the full achievement distribution to reduce
gaming (Clotfelter & Ladd, 1996; Ladd & Lauen, 2010;
Neal & Schanzenbach, 2010). This approach captures low-
achieving, low-growing schools and improves on the fair-
ness issues of status-only systems and the stability issues of
growth-only systems.

2. Because the PLAS combined rankings are unstable with 1
year of data, 3-year averages should be used (Kane &
Staiger, 2002; Linn, 2004; Linn & Haug, 2002).

3. Accountability should be administered separately by school
level. Thus, if the goal is to hold 15% of schools account-
able, the policy should ensure that 15% of each type of
school—elementary, middle, and high—is sanctioned
each year.

4. The policy should first group schools on enrollment and/
or student characteristics and then find the bottom 5% of
each group. This method should alleviate some of the fair-
ness issues found in the second question. For example,
schools could be grouped into quantiles on net enrollment
and then ranked on their performance (Kane & Staiger,
2002). This would even out the allocation of school sizes
in the bottom 5%.

5. Policymakers should consider alternatives to the proposed
LSAS criteria, which, as written, target schools serving sig-
nificant numbers of students with disabilities. One alterna-
tive would be to stratify the LSAS by subgroups, identifying
the bottom 5% in Hispanic achievement, the bottom 5%
in special education achievement, etc. A second alternative
would be to reallocate the 5% of LSAS schools to PLAS or
AGS.

6. Researchers and policymakers should conduct thought
experiments like the one presented here (e.g., Heck, 2006;
Porter et al., 2005; Ladd & Walsh, 2002). The data are
often easy to obtain and analyze and could inform account-
ability system design. Although many of our results will
hold across states, each state has unique demographics and
prior accountability histories, and it would be valuable to
engage in an analysis like this for all states.
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Although few of these findings are unique to the current anal-
ysis, it is quite clear that policymakers have not gleaned from the
extensive existing literature in constructing the current proposed
policy. Thus, our evidence is useful for the current policy debate
and suggests that the proposed policy changes will result in a
system that more precisely identifies the schools for intervention
that need the most improvement—schools that have low average
achievement, little achievement growth over time, and large
achievement gaps. Whether the interventions targeted for these
schools will help address these achievement problems is another
issue worthy of investigation.

NOTES

"The Harkin-Enzi proposal (as of 4/26/2012) can be found here:
http://www.help.senate.gov/imo/media/doc/ROM117523.pdf

*This only affects between 7 and 30 schools in a given year. If
included in the analysis, these schools never fall in the bottom 5% of
PLAS status or combined due to their high average achievement.
However, these schools are part of the AGS and LSAS analysis.

3In general, the number of students’ alternative assessment profi-
ciency levels counting towards a district’s proficiency rating is capped at
three percent of the total district enrollment.

REFERENCES
Balfanz, R., Legters, N., West, T. C., & Weber, L. M. (2007). Are NCLB’s

measures, incentives, and improvement strategies the right ones for the
nation’slow-performing high schools? American Educational Research
Journal, 44, 559-593. doi:10.3102/0002831207306768

Carnoy, M., & Loeb, S. (2002). Does external accountability affect stu-
dent outcomes ? A cross-state analysis. Educational Evaluation and
Policy Analysis, 24, 305-331. doi:10.3102/01623737024004305

Chester, M. D. (2005). Making valid and consistent inferences about
school effectiveness from multiple measures. Educational Measurement:
Issues and Practice, 24(4), 40-52.

Chetty, R., Friedman, J. N., & Rockoff, J. (2011). The long-term impacts
of teachers: Teacher value-added and student outcomes in adulthood
(NBER Working Paper No. 17699). Cambridge, MA: National
Bureau of Economic Research.

Clotfelter, C. T., & Ladd, H. E (1996). Recognizing and rewarding suc-
cess in public schools. In H. E Ladd (Ed.), Holding schools accountable:
Performance-based reform in education. Washington, DC: Brookings
Institution.

Cullen, J. B., & Reback, R. (2006). Tinkering toward accolades: School
gaming under a performance accountability system. NBER Working
Paper No. 12286. Cambridge, MA: National Bureau of Economic
Research.

Darling-Hammond, L. (2007). Race, inequality and educational
accountability: The irony of “No Child Left Behind.” Race Ethnicity
and Education, 10, 245-260. doi: 10.1080/13613320701503207

Bandeira de Mello, V., Blankenship, C., and McLaughlin, D. H. (2009).
Mapping state proficiency standards onto NAEP scales: 2005-2007.
Washington, DC: National Center for Education Statistics.

Dee, T. S., & Jacob, B. A. (2011). The impact of No Child Left Behind
on student achievement. Journal of Policy Analysis and Management,
30, 418-446. doi: 10.1002/pam.20586

Dunn, J. L., & Allen, ]J. (2009). Holding schools accountable for the
growth of non-proficient students: Coordinating measurement and
accountability. Educational Measurement: Issues and Practice, 28(4),
27-41.

Figlio, D. N. (20006). Testing, crime and punishment. Journal of Public
Economics, 90(415), 837-851. doi: 10.1016/j.jpubeco.2005.01.003



Figlio, D. N., & Getzler, L. S. (2002). Accountabilty, ability and dis-
ability: Gaming the system. NBER Working Paper No. 9307.
Cambridge, MA: National Bureau of Economic Research.

Figlio, D. N., & Loeb, S. (2011). School accountability. In E. A.
Hanushek, S. J. Machin & L. Woessmann (Eds.), Handbooks in eco-
nomics: Economics of education (Vol. 3, pp. 383—421). North-Holland,
The Netherlands: Elsevier.

Fuller, B., Wright, J., Gesicki, K., & Kang, E. (2007). Gauging growth:
How to judge No Child Left Behind? Educational Researcher, 36,
268-278.

Hanushek, E. A., & Raymond, M. E. (2005). Does school accountabil-
ity lead to improved student performance? Journal of Policy Analysis
and Management, 24, 297-327. doi: 10.1002/pam.20091

Harr-Robins, J., Song, M., Hurlburt, S., Pruce, C., Danielson, L.,
Garet, M., & Talyor, J. (2012). The inclusion of students with disabili-
ties in school accountability systems (NCEE 2012-4056). Washington,
D.C: National Center for Education Evaluation and Regional
Assistance, Institute of Education Sciences, U.S. Department of
Education.

Heck, R. H. (2000). Assessing school achievement progress: Comparing
alternative approaches. Educational Administration Quarterly, 42,
667-699.

Hill, R. K., & DePascale, C. A. (2003). Reliability of No Child Left
Behind accountability designs. Educational Measurement: Issues and
Practice, 22(3), 12-20.

Ho, A. D. (2008). The problem with “proficiency”: Limitations of sta-
tistics and policy Under No Child Left Behind. Educational Researcher,
37, 351-360. doi: 10.3102/0013189x08323842

Ho, A. D., Lewis, D. M., & Farris, J. L. M. (2009). The dependence of
growth-model results on proficiency cut scores. Educational
Measurement: Issues and Practice, 28(4), 15-26.

Jacob, B. A., & Levitt, S. D. (2003). Rotten apples: An investigation of
the prevalence and predictors of teacher cheating. Quarterly Journal of
Economics, 118, 843-77.

Kane, T. J., & Staiger, D. O. (2002). The promise and pitfalls of using
imprecise school accountability measures. 7he Journal of Economic
Perspectives, 16(4), 91-114.

Kelly, S., & Monczunski, L. (2007). Overcoming the volatility in
school-level gain scores: A new approach to identifying value added
with cross-sectional data. Educational Researcher, 36(5), 279-287.
doi: 10.3102/0013189x07306557

Kim, J. S., & Sunderman, G. L. (2005). Measuring academic profi-
ciency under the No Child Left Behind Act: Implications for educa-
tional equity. Educational Researcher, 34(8), 3—13. doi: 10.3102/
0013189x034008003

Krieg, J. M. (2011). Which students are left behind? The racial impacts
of the No Child Left Behind Act. Economics of Education Review, 30,
654-664. doi: 10.1016/j.econedurev.2011.02.004

Krieg, J. M., & Storer, P. (2006). How much do students matter?
Applying the Oaxaca Decomposition to explain determinants of
Adequate Yearly Progress. Contemporary Economic Policy, 24, 563~
581. doi: 10.1093/cep/byl003

Ladd, H. E, & Lauen, D. L. (2010). Status versus growth: The distribu-
tional effects of school accountability policies. Journal of Policy
Analysis and Management, 29(3), 426-450. doi: 10.1002/pam

Ladd, H. F, & Walsh, R. P. (2002). Implementing value-added measures
of school effectiveness: getting the incentives right. Economics of
Education Review, 21, 1-17. doi: 10.1016/s0272-7757(00)00039-x

Linn, R. L. (2000). Assessments and accountability. Educational
Researcher, 29(2), 4—16.

Linn, R. L. (2003). Accountability: Responsibility and reasonable expec-
tations. Educational Researcher, 32(7), 3—13. doi: 10.3102/00131
89x032007003

Linn, R. L. (2004). Accountability models. In S. H. Fuhrman & R. E
Elmore (Eds.), Redesigning accountability systems for education. New
York, NY: Teachers College Press.

Linn, R. L., Baker, E. L., & Betebenner, D. W. (2002). Accountability
systems: Implications of requirements of the No Child Left Behind
Act of 2001. Educational Researcher, 31(6), 3—16. doi: 10.3102/
0013189x031006003

Linn, R. L., & Haug, C. (2002). Stability of school-building account-
ability scores and gains. Educational Evaluation and Policy Analysis,
24, 29-36.

McNeil, M. (2012). 26 states, D.C. join bid for NCLB waivers.
Education Week, 31(23), 24-26.

Neal, D., & Schanzenbach, D. W. (2010). Left behind by design:
Proficiency counts and test-based accountability. Review of Economics
and Statistics, 92, 263-283. doi: 10.1162/rest.2010.12318

Polikoff, M. S., & Wrabel, S. L. (2012, March). A safe harbor raises all
boats: The use of alternative methods to make Adequate Yearly Progress.
Poster presented at the Annual Conference of the Association for
Education Finance and Policy, Boston, MA.

Porter, A. C., Linn, R. L., & Trimble, C. S. (2005). The effects of state
decisions about NCLB adequate yearly progress targets. Educational
Measurement: Issues and Practice, 24(4), 32-39.

Reback, R. (2008). Teaching to the rating: School accountability and the
distribution of student achievement. Journal of Public Economics, 92,
1394-1415. doi: 10.1016/j.jpubeco.2007.05.003

Reed, D. S. (2009). Is there an expectations gap? Educational federalism
and the demographic distribution of proficiency cut scores. American
Educational Research Journal, 46, 718-742. doi: 10.3102/000283
1209340254

Riddle, W., & Kober, N. (2011). State policy differences greatly impact AYP
Numbers (pp. 1-22). Wasington, DC: Center on Education Policy.

Thurlow, M. L. (2004). Biting the bullet: Including special needs stu-
dents in accountability systems. In S. H. Fuhrman & R. F. Elmore
(Eds.), Redesigning accountability systems for education (pp. 115-140).
New York, NY: Teachers College Press.

United States Department of Education. (2010). National Center for
Education Statitistics, Common Core of Data (CCD), Public/
Elementary School University Survey. Retrieved from http://nces
.ed.gov/programs/stateprofiles/sresult.asp?mode=full&displaycat=
1&s1=06

Weiss, M. ]., & May, H. (2012). A policy analysis of the federal growth
model pilot program’s measurs of school performance: The Florida
case. Education Finance and Policy, 7(1), 44-73.

AUTHORS

ANDREW MCcEACHIN is an IES Post Doctoral Fellow at University of
Virginia, Curry School of Education, P.O. Box 400277, Charlottesville,
VA 22904-4277; mceachin.uva@gmail.com. His research focuses on
accountability, achievement gaps, and quasi-experimental methods.

MORGAN S. POLIKOFF is an Assistant Professor of Education at
University of Southern California, Rossier School of Education, 3470
Trousdale Parkway, 904D Waite Phillips Hall, Los Angeles, CA 90089;
polikoff@usc.edu. His research focuses on the design and effects of stan-
dards, assessment, and accountability policies.

Manuscript received December 23,201 |
Revisions received May 2,2012,and June 6,2012
Accepted June 7,2012

ocToBer 2012 ] [251




