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ABSTRACT
Despite widespread adoption of student growth percentiles
(SGPs) to link student growth to educator and school
evaluations, little empirical research exists addressing the
validity of the estimates for use in high-stakes personnel
evaluation systems. This is especially troublesome given
the moderate correlations reported between mean student
growth percentiles (MGPs) and select student
characteristics, specifically poverty, which have been well
documented. This study explores summer learning loss
(SLL) as one potential source of bias in MGP estimates
that could help explain the relationship between poverty
and MGPs. The guiding research hypothesis is that
unaccounted for variance in summer learning patterns are
contributing to error variance in aggregate estimates of
student growth. Data from two, widely-used interim
assessment programs were analyzed and results reveal that
while the effect of SLL on the validity of SGPs for
evaluation purposes varies across the datasets, the
correlations between SGPs and student poverty cannot be
primarily explained by differences in summer learning
patterns. Policy implications are discussed.
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INTRODUCTION
Before the December 2015 passage of the Every Student Succeeds Act (ESSA), federal policy initiatives had
been increasingly pushing for the use of student growth data in state-level teacher evaluation systems.
Because states were not meeting the achievement target of 100% proficiency, as prescribed by the 2001
reauthorization of the Elementary and Secondary Education Act, the Obama administration implemented a
flexibility waiver program. In exchange for relaxing the 100% proficiency mandate, flexibility waivers
required that states implement a number of new accountability reforms including a strong emphasis on
using student growth data for school personnel evaluation purposes. Specifically, the ESEA flexibility
waivers required that student achievement data be used to discriminate effective teachers from less
effective teachers in order to advise personnel decisions such as retention, promotion, and dismissal (U.S.
Department of Education, 2012). Because full implementation of growth-based evaluation systems was
expected for the 2016-2017 school year (U.S. Department of Education, 2013) states are currently in
various stages of revising their teacher evaluation systems to include measures of student growth. With the
recent passage of the Every Student Succeeds Act, states are now under no obligation to move forward with
the educator evaluation systems laid out in their waiver agreements. Instead, states have a renewed
opportunity to reconsider their assessment, evaluation, and accountability systems under a new, more
flexible law. In redesigning these systems, states may continue to be interested in holding teachers and
schools accountable for student growth, but may have concerns about the validity of such methods given a
degree of skepticism in the field. This paper is intended to contribute to the literature on the validity of
SGPs for use in educator and school evaluation systems. Additionally, the concluding section of this paper
offers insight on the policy implications of the findings given the renewed flexibility offered under ESSA.
While a variety of methods have emerged to include measures of student growth in educator evaluations
(e.g., value-added models, value tables, student learning objectives), the focus of the current study is the
student growth percentile (SGP) model (Betebenner, 2008). The SGP model uses quantile regression to
rank student achievement relative to peers with the same prior achievement scores. Student growth
percentiles are aggregated at the teacher, grade and school levels using the mean or median of all student
SGPs (at the aggregate point: i.e., teacher, grade, school, etc.) to yield a single summary score for the
aggregated unit, an MGP. Research has shown that mean-based MGPs have more desirable statistical
properties over median-based MGPs, mean-based MGPs are used in the current study and MGP is used
henceforth to refer to the mean (Castellano & Ho, 2012). Unlike other growth models used for teacher
evaluation, such as many value-added models (VAMs), SGPs condition only on prior achievement—often
multiple years of prior achievement—and leave out other student- or school-level covariates such as
demographic and socioeconomic information. Because of this feature, SGPs are generally considered to be
a description of how much students have grown relative to peers with similar prior achievement; their
intention is not to measure teacher effectiveness or isolate the portion of student growth that can be
attributable to the teacher (Betebenner, 2008). Instead, MGPs derived from the SGP model are designed to
be descriptive indicators for use within a more comprehensive evaluation system and not a direct measure
of teacher quality. MGPs are designed to be considered within the context of the teaching environment
and in relation to other indicators of teacher quality rather than as standalone quantitative measure to be
used as a “total score” for teacher, grade, or school effectiveness. Though MGPs are operationalized
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meaningfully differently than VAMs, the resultant estimates tend to correlate highly with coefficients
greater than .8 (Goldhaber, Walch, & Gabele, 2014; Ehlert, Koedel, Parsons, & Podgursky, 2013).
Student growth percentiles have become a popular growth model for teacher evaluation and are now used
as part of the accountability systems in at least 27 states (McEachin & Atteberry, 2014). In spite of their
growing use, there is no lack of skepticism among educational researchers about the validity of student
growth modeling for use in teacher evaluations (Braun, Chudowski, & Koenig, 2010; Lissitz, 2012; Sireci,
2013; Haertel, 2013). One of the most apparent validity concerns is the tendency of teacher and school
MGPs to correlate with student characteristics. Goldhaber, Walch, and Gabele (2014) warn that differences
in the make-up of students within the classroom can affect teacher-level MGPs considerably. These
authors find that as the average prior achievement level of the classroom increases by one standard
deviation, predicted MGPs increase by 35 percentile points in reading (e.g., predicted MGP changes from
a 50 to a 85 based on student prior achievement alone) and 15 percentile points in math. Additionally,
Wright (2010) finds statistically significant correlations from -0.13 to -0.31 between teacher-level MGPs
and proportion of students eligible for free- or reduced-priced lunch (FRL) in the classroom. At the school
level, Ehlert, Koedel, Parsons, and Podgursky (2013) find that disadvantaged schools are
disproportionately underrepresented in the top quartile of schools on the median SGP metric. The
underlying causes of these observed correlations, however, are unknown. The extent to which these
correlations reflect an uneven distribution of teacher quality across students and schools, or are rather,
manifestations of model bias is not yet clear and thus not well understood. If the SGP model, which
conditions only on prior achievement, is insufficient for explaining all differences in student growth that
are unrelated to teacher or school effectiveness, then the exclusion of other explanatory factors may be
leading to omitted-variable bias in the MGP educator effectiveness estimates. In the next section, we
present and discuss a rationale and model for understanding the possible causal influences for the
observed correlations between MGPs and student-level characteristics, and thus a fundamental premise
for this investigation.

Defining the Problem

Gelman and Imbens (2013) posit that research in the social sciences is too focused on “effects of causes”
rather than “causes of effects.” Traditional behavioral research methodology often involves artificially
creating or imposing a particular cause in order to measure the effect, rather than trying to understand the
potential cause(s) of an observed effect. Integrating what Gelman (2011) calls “reverse causal inferences,”
or the search for causes, into the traditional research framework is one, often neglected, way to formalize
scientific inquiry as a model-building process. In the context of the current study, the implicit model
would be that aggregate SGPs are correlated with student level characteristics. Gelman and Imbens (2013)
encourage researchers to question the implicit model and ask “why?” What could be causing the observed
correlation? The purpose of posing this question is to improve the implicit model by identifying sources of
confounding variables.
Because SGPs rank student achievement relative to their peers with comparable prior achievement, the
effect of the modeling necessarily results in an orthogonal relationship between estimated student growth
and previous observed achievement. In other words, no matter where students lie on the achievement
continuum, they have equal probabilities of obtaining all possible growth scores. Therefore, it cannot be
that the observed relationships at the aggregate levels are due to the presumably different absolute growth
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trajectories at different points along the achievement scale. Given this, two alternative models are possible
(as adapted from Gelman and Imbens, 2013):
Yi(x) ⊥ Zi, and										
Yi ⊥ Zi | Vi 										

(1)
(2)

where, in the context of the current study, Yi is an individual teacher, grade, or school MGP, Zi represents
the student-level characteristics in a classroom/grade/school, and ⊥ represents an orthogonal relationship.
Let Yi(x) represent all possible outcomes or manifestations of the combination of variables Yi and Xi, each
of which is denoted as Yi(Xi). In model 1, the observed association between the MGPs, Yi, and student
characteristics, Zi, is an artifact of the causal effect of Xi on Yi and a correlation between Xi and Zi. An
example of variable Xi may be the wealth of the school district. A school district that can afford to pay
teachers high salaries and therefore is likely able to be more selective in its hiring of teachers may have, on
average, higher-quality teachers with generally high MGP scores. Additionally, district wealth is not
unrelated to student-level characteristics such as income and demographic variables. Therefore, the
observed correlation between Yi(x) and Zi may be a function of district wealth, Xi. In other words, MGPs
and student characteristics are by their nature unrelated, except for the reality that district wealth—itself a
function of student characteristics—may be attracting teachers of higher quality as signaled by
systematically higher MGPs. Alternatively, in model 2, the observed correlation is a result of the effect of a
third variable, Vi, which has been omitted from the implicit model. In this case, Vi would be a
confounding variable that is related to both Yi and Zi, and, when included, the relationship between Yi and
Zi disappears or diminishes.
Using a causal inference framework (Gelman and Imbens, 2013), two, not mutually exclusive possible
causes for the observed relationship between student-level characteristics, such as poverty, and MGPs are
discussed: 1) an uneven distribution of teacher quality, and 2) an artifact of omitted-variable bias in the
model. The first possible cause of the observed relationship between teacher- and school-level MGPs and
student characteristics is if higher-achieving students have teachers that are on average more effective.
Because students and teachers are not randomly assigned to schools, it is likely that, among other factors,
perceptions of teacher quality may influence the placement of both students and teachers into schools.
Research has shown that low-achieving students have a higher likelihood of being in a school with less
skilled teachers (Lankford, Loeb, & Wyckoff, 2002). Urban schools struggle to attract teachers; this signals
the pool of potential teaching candidates is proportionally smaller for urban districts, and some of those
who end up in these classrooms are inevitably less qualified with respect to experience, education, and
certification (Jacob, 2007). Betts, Zau, and Rice (2003) find that the schools with the highest test scores
have teachers with, on average, two-and-a-half times as many years of experience as teachers in lowachieving schools. These teachers are also twice as likely to hold master’s degrees. High-status schools tend
to hire better qualified teachers who can provide students with more rigorous learning materials and
educational experiences (Darling-Hammond, 1996; Ladson-Billings & Tate, 1995; Oakes & Lipton, 1993).
On top of this, schools with low-achieving students have lower teacher retention rates, and some research
suggests that retention rates are particularly low for teachers with better qualifications (Boyd, Lankford,
Loeb, & Wyckoff, 2005; Guarino, Santibañez, & Daley, 2006; Hanushek, Kain, & Rivkin, 2004). Trouble
attracting and retaining teachers at lower performing schools could be contributing to an overall decline in
the average quality of the teacher workforce at these schools and therefore likely be leading to an uneven
distribution of teacher quality across all school settings (Clotfelter, Ladd, Vigdor, & Diaz, 2004;
Darling-Hammond, 1995).
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While it is now generally accepted that student achievement is correlated with background factors of
students, and the observed relationship is not due to bias in the measurement alone (Coleman et al., 1966),
the same cannot be said for the correlations between teacher effectiveness estimates and student
background variables. The underlying factors explaining the shared variance between MGPs and student
characteristics are still being studied. Recent studies have found that these correlations can be at least
partly explained by measurement error (McCaffrey, Castellano & Lockwood, 2015; Shang, VanIwaarden &
Betebenner, 2015). The current study seeks to understand yet another possibility for explaining this
relationship: omitted variable bias in the model. It could be that omitted, confounding variables related to
both MGPs and student-level characteristics are creating systematic bias in the model. As Braun,
Chudowsky, and Koenig (2010) explain, “Bias refers to the inaccuracy of an estimate that is due to a
shortcoming or incompleteness in a statistical model itself ” (p. 43). In this context, bias would occur if
teachers or schools who have the same true effectiveness—that are equally effective at eliciting
achievement growth from their students—receive different MGP estimates due to factors outside of their
control (e.g., demographic characteristics) because these variables are unaccounted for in the model. If
student-level prior achievement is insufficient for fully capturing the growth trajectory of all students, then
exclusion of other explanatory variables would lead to omitted-variable bias. If subgroups of students, such
as those living in poverty, have the same prior achievement as their peers, but for a variety of factors
associated with poverty they do not have the same growth trajectory, then failing to include an indicator of
poverty in the model would lead to bias in the estimator. The idea is that such factors influence both
student achievement and growth. Excluding such relevant factors from the SGP model would fail to
account for any interaction that may exist between student characteristics and rates of growth (see McCall,
Hauser, Cronin, Kingsbury, & Houser, 2006).
From an evaluation system design point-of-view, it is vital to disentangle the possible causes for the
observed correlation between MGPs and student characteristics. Failing to do so may unfairly penalize
teachers for working with low-income students, or, when student characteristics are included in the model
without theoretical and empirical support for their inclusion, over-compensate for the effects of poverty
which may inadvertently hide systematic inequities in access to high-quality teachers.

Purpose and Research Questions

The purpose of this research is to explore one possible cause for the observed relationship between MGPs
and student characteristics in order to improve the current implicit model. A potential source of bias in
teacher effectiveness estimates is summer learning loss. Summer learning loss refers to the well-studied
phenomenon that students from low-income families tend to lose academic achievement over the summer,
while students from wealthier homes tend to continue to gain in achievement during the summer months
(Entwisle & Alexander, 1992). Although this pattern has been documented extensively by scholars (see
Cooper, Nye, Charlton, Lindsay, & Greathouse, 1996; McCombs et al., 2011), many student growth
estimates used for teacher evaluation continue to be calculated using a 12-month growth window, without
any adjustment for the summer interval. Thus, these annual estimates include the summer months over
which educators have little-to-no control. Therefore, teacher and school MGPs are essentially absorbing
the positive or negative influences the summer vacation period has on their students’ achievement.
Entwisle and Alexander (1992) caution that “with differences between schools measured annually, and
with schools in season only part of the year, there may be serious misspecification of ‘school effects’”
(p. 82). More recently, Haertel (2013) explicitly cites summer learning loss as a potential cause of bias in
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teacher effectiveness estimates derived from value-added models: “On average, reading scores from the
previous spring will underestimate the initial autumn proficiency of students in more advantaged
classrooms and overestimate the initial autumn proficiency of those in less advantaged classrooms. Even if
the two groups of students in fact make equal fall-to-spring gains, the measured prior spring-to-spring
gains may differ” (p. 17).
The research hypothesis for this study is that conditioning on prior achievement alone, as is done in the
SGP model, may not be sufficient for capturing the different, and likely economically-moderated growth
rates that occur during the summer months. Because SGP estimates are typically calculated annually,
summer learning loss is hypothesized to be correlated with not only student characteristics but also with
spring-to-spring MGPs. Accounting for the summer months, might therefore improve the implicit model
with the hypothesized model—Equation (2). To test this model, two research questions structure the two
studies in this paper:
1. What proportion of classroom variance in summer learning patterns can be accounted for by
poverty?
2. Does controlling for changes in achievement over the summer months reduce the magnitude of the
relationship between MGPs and student-level poverty?
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LITERATURE REVIEW
Student Growth Percentiles

The SGP model was originally adopted by Colorado as part of the Growth Model Pilot Program and was
accepted by the U.S. Department of Education in 2009 (U.S. Department of Education, 2009). Just as
traditional percentiles in educational assessment normatively describe the location of student scores
within the context of a peer group, Student Growth Percentiles normatively describe student growth.
Student Growth Percentiles are calculated by conditioning current achievement on measures of prior
achievement. The conditional distribution is used to make a probability statement about a student’s current
score, relative to peers with similar prior achievement histories. In the SGP model, conditional probability
densities are estimated with quantile regression. The conditional quantile functions used to estimate SGPs
are specified using R (R Core Team, 2015) with the SGP package (Betebenner, VanIwaarden, Domingue &
Shang, 2016). Student Growth Percentiles offer a good analytic framework for looking at growth in that
they are content- and scale-neutral. This means that even if the content or the score scale of the
assessments changes across measurement occasions, the SGP model can provide useful information with a
consistent interpretation (i.e., describing how well a student performed relative to peers with similar prior
achievement). This kind of norm-referenced interpretation is often preferable to other kinds of growth
inferences that are scale-dependent (e.g., vertical scale score differences) which can be difficult to interpret.
Mean Student Growth Percentiles are calculated by averaging the SGPs of all of the students in the unit
(e.g., classroom, grade, school). MGPs provide a description of average individual student gains relative to
peers with similar growth. Just like SGPs, MGPs range from 1-99 where higher scores indicate high
average individual growth compared to students with similar prior achievement.
The current study uses the SGP model rather than other growth models used for teacher evaluation for
two main reasons. First, most other growth models (e.g., value-added models) condition on student
characteristics such as poverty in addition to prior achievement when estimating teacher effects. Because
the SGP model does not do this, it is important to explore to what extent omitted variable bias may be
present. Unsurprisingly, MGPs have been shown to have stronger correlations with student demographic
and socioeconomic variables than other popular growth models for teacher evaluation because these
variables are unaccounted for in the model (Ehlert, Koedel, Parsons, & Podgursky, 2014). Secondly, the
SGP model continues to grow in use and with such popularity, studies that provide validity evidence for
the model are surprisingly scarce. A search of the peer-reviewed literature archived in the ERIC database
for “value-added model” returns 322 results, while the same database returns only 62 results for “student
growth percentile.” The present study is intended to be a contribution to the growth model literature.

Summer Learning Loss

Summer learning loss is a broad term in educational research that refers to the achievement growth
patterns of students over the summer months. Research shows that changes in achievement during the
summer are moderated by subject matter, prior achievement, and poverty. A 1996 meta-analysis of 13
studies found that summer learning loss tends to be more dramatic in mathematics than in reading with
respective effect sizes of d = -.14 and d = -.05 (Cooper et al., 1996). This could be because families more
often spend more time reading at home than promoting or practicing mathematics skills (Harris & Sass,
2009). More recently, Helf, Konrad, and Algozzine (2008) found no evidence of summer setback for
reading as they did in math, and instead reported summer gains in reading, especially for those students
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on the lower end of the achievement scale. On the contrary, Burkam, Ready, Lee and LoGerfo (2004)
found evidence of mathematics gains over the summer months, with gains being highest for higherincome students. However, this study relies on data from the Early Childhood Longitudinal Study –
Kindergarten Cohort (ECLS-K), to calculate summer learning from kindergarten to first grade, which
means these findings may not be generalizable across all grades.
In addition to being moderated by subject area, some of the earliest studies on summer learning loss focus
on the relationship between prior achievement and losses over the summer. Elder (1927) found that
students with high reading achievement experience increases in achievement over the summer, while
lower readers experience decreases over this time interval. Beggs and Hieronymous (1968) found greater
reading achievement losses over the summer months for students with the lowest prior achievement as
measured by the Iowa Test of Basic Skills. The same study finds vocabulary losses for lower achieving
students and summer gains for higher achieving students. Klibanoff and Haggart (1981), however, did not
find a negative relationship between summer achievement loss and initial achievement status. On the
contrary, this study found weak evidence that summer loss could actually be more apparent near the top of
the achievement scale where regression effects could be at play.
One of the most important implications of summer learning loss is its apparent relationship with poverty.
Entwisle and Alexander (1992) popularized the notion that the learning rates of low-income students
during the summer months fall behind the learning rates of their wealthier peers. The Copper et al. (1996)
meta-analysis confirmed Entwisle and Alexander’s (1992) results, finding that while all students, on
average, lose mathematics achievement over the summer, reading achievement patterns are economically
moderated. Students from lower-income homes tended to lose reading achievement over the summer,
while students from higher-income homes stayed the same or gained in reading achievement over the
summer months. The authors estimated that this summer learning differential directly results in about a
three-month gap between student groups defined by income (Cooper et al, 1996). However, not all studies
included in the meta-analysis found such a clear relationship. Ginsburg, Baker, Sweet and Rosenthal
(1981) found only a weak relationship between summer achievement change and socioeconomic status.
Also, Bryk and Raudenbush (1988) found an opposite, negative relationship where summer losses in
mathematics were smaller for the high-poverty schools than the losses observed at the low-poverty schools.
Although empirical support for the finding that poverty is related to summer learning patterns has grown
since the Cooper et al. (1996) meta-analysis, a major limitation is that most of the recent studies that have
examined this relationship have been done using one, publicly-available dataset. In a review of the
literature, McCombs et al. (2011) cite three recent studies that investigate and confirm that high-income
students have a summer learning advantage over poorer students, all three of which have used the ECLS-K
dataset (Burkam, Ready, Lee, & LoGerfo, 2004; Downey, von Hippel, & Broh, 2004; Benson and Borman,
2010). Additionally, McCoach, O’Connell, Reis, and Levitt (2006) used the same dataset to find that
between-school differences in reading achievement can be accounted for, in large part, by differences in
summer reading growth over the summer months. While this one dataset is large and of high quality, its
limitation is that it can only be used to estimate the summer learning for students who are between
kindergarten and first grade. This apparent gap in the literature indicates more research is necessary to
explore the persistence of the relationship between summer loss and poverty as students age and progress
through the educational system.
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Effect of Summer Learning Loss on MGPs

Summer learning loss is frequently cited as a potential source of bias in growth modeling for teacher and
school evaluation (see Haertel, 2013; Larsen, Lipscomb, & Jaquet, 2011;). For example, Papay (2011) found
that the impact the summer months has on estimates of teacher effectiveness is substantial, with an observed
Spearman rank order correlation between spring-to-spring and fall-to-spring estimates at only r = 0.7.
Though Papay (2011) suggested summer learning loss is a potential factor contributing to the observed
variability in the estimates across the two testing windows, this hypothesis was not formally tested.
A thorough search of the literature revealed four studies that empirically explore effects of summer
learning loss on estimates of teacher and school effectiveness. Downey, von Hippel, and Hughes (2008)
introduced a new accountability metric called “impact,” which explicitly takes into account the variability
in summer growth rates. These authors suggested that the difference between the school’s average summer
growth rate and the average in-school growth rate is a better indicator of school effectiveness than
measuring student learning across the year. These authors found non-trivial differences between
traditional 12-month growth models and their method which accounts for differences in summer learning.
McEachin and Atteberry (2014) used data from the Northwest Evaluation Association’s Measures of
Academic Progress (MAP) assessments to explore the impact of summer learning loss on measures of
school performance. Three research questions structured their inquiry: First, is summer learning loss
unevenly distributed across students and schools in a way that leads to systematic bias in aggregated
measures of growth? To address this first question, the authors modified growth models by changing the
outcome variables to be the achievement gains/losses in the summer months. At least one significant
school-effect coefficient in these models indicated bias in the school estimates due to differential summer
learning rates which provided evidence for an uneven distribution of summer learning across schools. The
study then explores the strength of the relationship between growth estimates and student demographic
variables. Results for the second research question showed that across both models and content areas,
correlations between percentage of FRL-eligible students in the school and school effectiveness estimates
decreased when calculated from fall-to-spring instead of spring-to-spring. Lastly, the authors tested how
the ranking of schools based on aggregate measures of growth would change when the testing window
moves from spring-to-spring to fall-to-spring. McEachin and Atteberry (2014) found that removing the
summer months from the growth estimates increased the likelihood that schools with high percentages of
FRL-eligible students are in the upper quintiles of effectiveness.
Both Palardy and Peng (2015) and Gershenson and Hayes (2016) used the ECLS-K data to investigate the
effect of summer months on value-added estimated classroom effects. For these studies the authors
necessarily limited the full student sample to the randomly chosen subset of students who were tested in
the spring of kindergarten, the fall of first grade, and the spring of first grade. Results showed the
correlations across the fall-to-spring and spring-to-spring value-added estimates are high, ranging
between .77 and .91 depending on the model, subject, and level of aggregation (i.e., teacher- or schoollevel estimates). The authors argued that even with high correlations such as those observed, the
variability in teacher rankings across the estimation periods can result in misclassification for a non-trivial
proportion of educators. The authors also found that including student characteristic variables and
information related to student summer activities in the spring-to-spring value-added models did not
improve the cross-period stability of the measured classroom effects. This is surprising in that the study
revealed that the added variability in the teacher estimates due to the summer months could be in part
explained by student characteristics, as predicted.
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Summer learning loss is a topic that deserves continued study as the landscape of education is shaped by
new technology and ever-changing policy. The present study is comprehensive in its scope to build on the
limited current literature for SGPs and to contribute to resolving conflicting existing findings. By analyzing
data from both content areas and grades 3-8 from two of the largest interim assessment programs in the
country, the study builds in a cross-validation of findings.
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DATA
The two studies described in this paper utilize datasets from two widely-adopted interim testing programs:
Measures of Academic Progress (MAP) from the Northwest Evaluation Association (NWEA), and STAR
from Renaissance Learning, Inc. (RLI). All personally identifiable information had been completely
removed from both datasets before coming into the author’s possession and both companies have granted
authorization for the stated data uses. Both testing programs assess students at multiple time-points
throughout the school year using computer adaptive tests that are vertically scaled and aligned to state
standards. Both of the datasets have integrated information about FRL eligibility from the National Center
for Educational Statistics (NCES) at the school level. Limitations of the datasets include a lack of teacherstudent links, meaning we had to create aggregate SGPs at the grade-level within schools in order to
investigate the degree of potential bias due to summer loss in the estimates. Thus, the unit of analysis for
the current study is often grade level, which refers to all of the students in a given grade within a given
school. Depending on the size of the school this could represent a single teacher’s class if there is only one
teacher per grade, or, it could represent several teachers’ classes. Because the correlation between student
characteristics and MGPs tends to increase with the size of the sampling unit, aggregating at the grade
level rather than at the teacher level may lead to an overestimation of this effect size. Additionally, we do
not have information about the academic calendars of the individual schools. Therefore, to estimate
summer loss we used the latest measurement occasion from the spring and the earliest measurement
occasion for the fall. It is possible that if schools within our datasets have year-round or non-traditional
academic years, our methods would be insensitive to these differences in a way that could affect the results
of this study. However, because the number of schools following non-traditional academic calendars is
likely small, if present in our sample, their influence on the results is likely also to be small.
The MAP dataset contains a large sample from four states for the years 2009-2010. The STAR dataset was
drawn from the years 2012-2013, and while smaller, contains data from sixteen states. The states
represented in the two datasets are unknown to the authors. Descriptive statistics for the samples are
shown in Table 1.
Table 1: Basic Description of Datasets
n
students
Math

n
schools
Math

n
students
ELA

n
schools
ELA

Grades

Testing
Program

Prior
Spring

Fall

MAP

2009

2009

2010

4

14766

713

14343

676

4-8

STAR

2012

2012

2013

16

10998

89

8287

90

3-8

Spring n States

It is clear from the sample sizes presented in Table 1 that the average number of students per school is
much greater for the STAR dataset than the MAP dataset. When the grade level minimum sample size is
set to 10, the average grade level unit sizes are 21 students with a maximum of 94 for the MAP dataset, and
102 students with a maximum of 420 for the STAR dataset.

THE EFFECT OF SUMMER LEARNING LOSS ON ANNUALLY ESTIMATED STUDENT GROWTH PERCENTILES

13

Figure 1 shows that the distribution for the percentage of students who are eligible for FRL within the
sample schools closely follows the distribution of students nationally (NCES, 2014). The poverty levels are
defined by the National Center for Education Statistics where high-poverty schools have more than 75% of
the students eligible for FRL, mid-high poverty schools are those with 50.1%-75% FRL, mid-low poverty
schools are those where 25.1%-50% of the students are eligible for FRL, and low poverty schools have less
than 25% of the students eligible for FRL.
Figure 1. Percentage Distribution of Schools by Poverty Level. This bar chart compares national
distribution of poverty levels to the distributions in the sample datasets.
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For the STAR dataset, SGPs were calculated by the National Center for the Improvement of Educational
Assessment (NCIEA) using up to three prior scores. For example, to calculate spring-to-spring SGPs, the
2013 spring score for the was regressed on the 2012 spring score in addition to up to two additional scores
for that student occurring prior to the 2012 spring score. For the spring-to-fall SGPs used in this study, the
authors calculated the SGPs by regressing the 2012 fall score on the 2012 spring score with no additional
priors. For the MAP dataset, SGPs were calculated by the authors using only one prior score for each
student. For the spring-to-spring SGPs, the only scores used in the calculation are the 2010 and 2009
spring scores. For the spring-to-fall SGPs, the scores used are the 2009 fall scores and the 2009 spring
scores. The nature of the data provided to the authors from NWEA and RLI prevented the option for
calculating SGPs using the same number of priors across testing programs. This difference in the
methodologies for SGP estimation becomes a major limitation in that the inclusion of multiple prior
scores, beyond one previous measurement occasion, has the potential to correct for systematic error
introduced by differences in summer learning patterns. This limitation is discussed in more detail in the
discussion section of this paper.
Two sets of analyses were conducted to answer the two guiding research questions for this paper. The
details of the two studies and their results are provided in the following sections.
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STUDY 1: PREDICTING SUMMER LOSS
In order to estimate the proportion of classroom variance in summer learning patterns that can be
accounted for by poverty, SGPs are used to model summer loss. Spring-to-fall SGPs describe individual
student movement in the achievement distribution over the summer months. Low spring-to-fall SGPs
indicate relative loss, while higher SGPs will indicate relative growth. The purpose of this analysis is to
understand any systematic variance in the spring-to-fall grade-level1 MGPs due to poverty. In order to
capture the most power with this analysis, all grades within school units are modeled simultaneously with
a series of two-level hierarchical linear models2. This multilevel modeling technique is used in order to
account for the nested nature of the data where the grade-level sampling units are naturally occurring
within schools. The nesting of schools within states is ignored for these analyses.
Model 1: SF_SGPij = β0j + β1j*(G4ij) + β2j*(G5ij) + β3j*(G6ij) + β4j*(G7ij) + β5j*(G8ij) + eij
			β0j = γ00 + u0j

(3)

Model 2: SF_SGPij = β0j + β1j*(G4ij) + β2j*(G5ij) + β3j*(G6ij) + β4j*(G7ij) + β5j*(G8ij) + eij
			β0j = γ00 + γ01*(%FRLj) + u0j

(4)

where SF_SGPij is the spring-to-fall SGPs for student i in school j, β0j is the MGP at school j in grade 3,
and β1j to β5j are the estimates for the respective dummy-coded grades with grade 3 as the reference group
for STAR and grade 4 (since grade 3 information is not available) as the reference group for MAP. The
remaining within-school variability in SGPs that cannot be explained by grade is denoted with eij. This
level-one equation models the within-school variability in SGPs, while the following level-two equation
represents the between-school variability. For Model 1, the baseline model, there are no level-two
predictors. In this case, the error term, u0j, represents all between-school variability in MGPs. In Model 2,
the level-two equation includes the proportion of students eligible for FRL as a predictor for school-level
MGPs (%FRL): γ00 is the average MGP for students in grade three when zero percent of the students in the
school are eligible for FRL. The coefficient γ01 represents the change in γ00 for a school where 100% of the
students are eligible for FRL. A significant, negative coefficient would indicate a significant effect of
poverty on summer learning loss. The variance of the error term for this equation, u0j, represents the
between-school variability in average MGP that cannot be accounted for by %FRL. It is expected that the
variance of u0j from Model 2 will be smaller than the variance of u0j from Model 1 if %FRL accounts for
any between-school variability in MGPs. A comparison of the two hierarchical linear models estimates the
proportion of between-school variance in the spring-to-fall MGPs that can be accounted for by schoollevel poverty.
Because the degree of relationship between the independent variables and the dependent variable is
expected to vary across subject areas, and because not all schools are represented in both mathematics and
English Language Arts, the hierarchical linear models are estimated separately for mathematics and ELA
for both the MAP and STAR datasets.

1

Grade levels within schools are used to estimate classroom variance since teacher-student links were not available in the datasets.

2

The term β1j*(G4) is not included in the model for MAP
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Results

The purpose of the first set of analyses is to understand any systematic variance in the spring-to-fall MGPs
due to poverty. Table 2 shows the results of the four hierarchical models and reports the coefficient
estimates for the %FRL variable, its significance, and the proportion of variance it can account for in
between-school variability in MGPs.
Table 2: %FRL Estimates for Models 1 and 2
Variance Components
n
n
level-1 level-2
MAP
Math

γ01

t ratio+

p-value
(one-tailed)

u0j(Baseline)

u0j(FRL)

%level-2
variance
accounted
for by FRL

14766

713

-7.997

-4.666

<0.001

52.862

50.048

5.32%

MAP ELA 14343

676

-5.684

-3.959

<0.001

20.480

18.253

10.88%

STAR
Math

10998

89

-3.067

-3.368

0.183

40.358

39.99

0.91%

STAR
ELA

8287

90

-6.271

-1.958

0.027

33.298

32.401

2.69%

+ with robust standard errors

Of the four analyses, three of the %FRL coefficients are significant. The significant coefficients range from
-5.684 to -7.997, and can be interpreted as the number of MGP points lost in the spring-to-fall MGP scores
for schools with 100% FRL eligibility compared to schools with no students eligible for FRL. For MAP
math, the proportion of students eligible for FRL accounts for 5.32% of the variability in between-school
spring-to-fall MGPs, while for the MAP and STAR ELA samples, this term accounts for 10.88% and 2.69%
of the variability, respectively. This finding supports prior research (see Entwisle & Alexander, 1992 and
Cooper et al., 1996) that summer loss in reading is economically moderated to a greater extent than in math.
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STUDY 2: IMPROVING THE IMPLICIT MODEL
It is hypothesized that by controlling for summer learning patterns, the observed relationship between
MGPs and student characteristics will decrease, resulting in improved estimates of teacher contributions to
student growth. This hypothesis stems directly from the forward causal inferences discussed in the
introduction, with the hypothesized model—Equation (2). In the context of this analysis, Vi represents
spring-to-fall MGPs which are related to both spring-to-spring MGPs, Yi, and the proportion of students
in the school who are eligible for FRL, Zi. After controlling for summer learning, Vi, the resulting
orthogonal—or more likely diminished—relationship between Yi and Zi is represented by “⊥”. Since
aggregate MGPs are being examined in these analyses, only units with 10 or more subjects are included in
the analysis, which is a common minimum n for many states. The hypothesized model—Equation (2)—is
tested by comparing the magnitudes of the following bivariate and partial squared correlation coefficients:
1.) r2Y,Z
2.) r2Y,Z .V
Relationship 1 is the squared correlation between spring-to-spring MGPs and the proportion of students
eligible for FRL, and relationship 2 is the same squared correlation but after controlling for spring-to-fall
MGPs. The difference between the bivariate and partial squared correlations is tested for statistical
significance using an F test, with an a priori type-1 error rate of α = .05. The F test statistic is calculated in
the following way:		
			
										 			(5)
									
This ratio represents the percentage of residual variance from the bivariate correlation that can be
accounted for by controlling for poverty. This F statistic formula was derived based on the statistic used to
test the difference between two, multiple R2 values (as seen in Cohen, Cohen, West, and Aiken, 2003, p.
171), but rather than comparing variance accounted for by multiple R2 values, the variance components
being compared are associated with the bivariate and partial correlation coefficients.

Results

Tables 3 and 4 show the results for MAP and STAR, respectively, where the grade level within schools is
the unit of analysis. Grades 7 and 8 in mathematics and grades 6-8 in ELA were not analyzed in the STAR
dataset due to small sample sizes.
Table 3: Results for MAP Datasets with Grade as unit of analysis (n ≥ 10)
MATH

n

rY,Z

r2Y,Z

r2Y,Z .V

F

p-value

Grade 4

376

-0.194

0.038

0.009

11.358

<.001

Grade 5

359

-0.157

0.025

0.006

6.860

0.005

Grade 6

234

-0.035

0.001

0.000

0.271

0.668

Grade 7

207

-0.097

0.009

0.004

1.209

0.198

Grade 8

188

-0.115

0.013

0.008

1.057

0.228
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ELA

n

rY,Z

r2Y,Z

r2Y,Z .V

F

p-value

Grade 4

364

-0.174

0.030

0.027

1.307

0.181

Grade 5

355

-0.080

0.006

0.005

0.334

0.583

Grade 6

235

-0.122

0.015

0.005

2.287

0.084

Grade 7

199

-0.066

0.004

0.002

0.458

0.468

Grade 8

183

-0.050

0.003

0.002

0.087

>.999

Table 4: Results for STAR Datasets with Grade as unit of analysis (n ≥ 10)
MATH

n

rY,Z

r2Y,Z

r2Y,Z .V

F

p-value

Grade 3

46

-0.313

0.098

0.091

0.351

0.560

Grade 4

52

-0.181

0.033

0.035

Grade 5

40

0.087

0.008

0.024

Grade 6

34

0.125

0.016

0.011

0.155

0.929

Grade 3

46

-0.313

0.098

0.091

0.351

0.560

ELA

n

rY,Z

r Y,Z

r Y,Z .V

F

p-value

Grade 3

34

-0.102

0.010

0.002

0.284

0.642

Grade 4

43

-0.064

0.004

0.002

0.083

>.999

Grade 5

39

-0.009

0.000

0.001

2

2

As shown in Tables 3 and 4, significant differences between the bivariate and partial squared correlations
occur at grades 4 and 5 in mathematics for the MAP datasets. This means that after controlling for springto-fall MGPs, the correlation between grade-level spring-to-spring MGPs and the proportion of students
within the grade eligible for FRL decreased significantly. Student poverty went from accounting for 3.8%
and 2.5% of the variance in spring-to-spring MGPs for grades 4 and 5 respectively, to only .9% and .6%.
This is an indicator of statistically significant bias in the spring-to-spring estimates for the lower grades in
the mathematics MAP dataset. The changes in the correlations are shown in Figures 2 and 3.
Figure 2. Changes in correlation magnitude for Grade 4 Math – MAP Dataset
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Figure 3. Changes in correlation magnitude for Grade 5 Math – MAP Dataset

The rest of the correlational analyses revealed that controlling for the summer months did not significantly
reduce the correlation between spring-to-spring MGPs and poverty.3 In three cases, STAR grades 4 and 5
mathematics and grade 5 in ELA, controlling for the summer months actually increased the relationship
between spring-to-spring MGPs and poverty. These results indicate that with exception of grades 4 and 5
in the MAP mathematics dataset, the observed correlation between spring-to-spring grade-level MGPs
and poverty is not due to systematic differences in learning patterns over the summer months. In general,
the STAR datasets do not produce any significant findings. This does not seem to be due to a lack of power
to detect an effect; rather, the effect sizes themselves are smaller for the STAR dataset. The SGPs in the
STAR dataset are less correlated with poverty to begin with. This is a positive finding and is likely due to
the fact that the STAR SGPs take into account multiple priors (which was not able to be done with the
MAP SGPs given the nature of our dataset). This suggests that including more than one prior score in the
calculation of SGPs may provide a protective effect against any bias introduced by differential summer
learning patterns by accounting for student learning differences across multiple time periods.

3

 hen changes in the magnitude of correlations happen in the unexpected direction, F-values are negative and are therefore not provided in the
W
tables of results.
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DISCUSSION
The primary issue this research attempts to better understand is the known relationship between aggregate
measures of student growth and student characteristics such as poverty. The guiding hypothesis was that
economically-moderated summer learning patterns are in part driving this correlation, which if so,
represents bias in the growth estimates when used for teacher or school evaluation. Using data from two,
national interim testing programs, this hypothesis was investigated by addressing two research questions:
1. What proportion of variance in summer learning patterns can be accounted for by poverty? And,
2. Does controlling for loss over the summer months reduce the magnitude of the relationship
between MGPs and student-level poverty?
Spring-to-fall SGPs were calculated and analyzed to understand normative summer loss using a series of
hierarchical linear models. The results showed that school-level poverty was a significant predictor of
aggregated grade-level MGPs for both mathematics and ELA in the MAP dataset and for ELA in the STAR
dataset. This means that, in some cases, differences in summer learning patterns can be systematically
explained by the level of poverty of the students within the school. There was not a statistically significant
relationship (p > .05) between poverty and spring-to-fall MGPs for mathematics in the STAR dataset. In
the significant analyses, the percentage of between-school variability in MGPs accounted for by the FRL
variable ranged from 2.69% in STAR ELA to 10.88% in MAP ELA. This means that though poverty can
explain some between-school variation, the majority of the differences in summer learning patterns
remained unexplained. While informative, this analysis did not detect how much influence the explained
portions of variance may have on annual estimates of MGPs. Research question 2 investigates the influence
of the summer months on the correlation between spring-to-spring MGPs and the proportion of students
eligible for FRL.
To test the influence of the summer months on the observed correlation between MGPs and FRL, a series
of bivariate and partial correlations were evaluated and their differences tested. Of all the analyses, only
grades 4 and 5 for MAP mathematics showed a significant reduction in the correlations between springto-spring MGPs and FRL. This means that when the grade-level is the unit of analysis, bias in MGPs due to
summer learning loss may be a concerning issue in mathematics grades. Though the correlations between
spring-to-spring MGPs and %FRL are small in magnitude to start with, any reduction in the correlation
represents a degree of bias due to the summer months, which are typically out of the school’s control. The
significant reduction in shared variance between MGPs and %FRL indicates that using the spring-tospring MGPs for educator evaluation, when calculated the way they had been for the MAP dataset using
only a single prior, may result in a misspecification of within-year growth, with a downward bias for those
grades or classrooms with higher proportions of students eligible for FRL. This means that variability in
student learning over the summer months may be contributing to the phenomenon that educators serving
more disadvantaged students have, on average, lower MGPs. Because of this bias in the single-prior MGPs,
the metric may be not be a fair estimate of educator effectiveness.
Interestingly, the STAR dataset showed no significant reduction in the correlations. The MGPs calculated
for STAR seem to be less influenced by poverty, as the amount of shared variance between spring-to-spring
MGPs and FRL to start with was much smaller than for MAP across the grade levels. This difference may
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be an artifact of the way the SGPs were calculated, using multiple prior achievement indices, rather than
conditioning on a single prior score, as was done for the MAP dataset. This is good news in that bias due
to systematic differences in summer learning patterns appears to be mitigated by including multiple prior
years of data.
Due to a lack of reliable links between students and teachers, this study analyzes variance in MGPs at the
grade level. While this limits generalizability, it is likely that any systematic variance in grade MGPs would
also occur at the classroom level, to a somewhat lesser extent. Therefore, the findings of this study serve as
a framework for understanding the effects of summer learning loss on MGPs and warrant further research
at the classroom level.

THE EFFECT OF SUMMER LEARNING LOSS ON ANNUALLY ESTIMATED STUDENT GROWTH PERCENTILES

21

CONCLUSIONS AND POLICY IMPLICATIONS
Does systematic variance in summer learning loss contribute to bias in annual estimates of student growth
for school personnel evaluation? The answer is conditionally yes, and the degree to which this is a real
issue
varies across testing programs, grades, and subject areas. Moderate correlations between spring-to-spring
SGPs and summer loss suggest that variations in summer learning patterns may influence annual estimates
of student growth. However, because the summer loss that was detected in our datasets does not seem to
be primarily a function of student poverty, simply controlling for student poverty will not likely
significantly alleviate the issue. Poverty only explains between zero to 11% of the between-school
variability in summer learning patterns as measured by spring-to-fall MGPs. Based on the strength of the
correlations between annual MGPs and summer loss, our first policy recommendation is that when
designing student growth models to be used for teacher evaluation, it does not make as much sense to
control for variables that may affect summer growth patterns (e.g., as is done with student poverty in
some value-added models) than more directly controlling for the differential summer patterns themselves.
The results of this study show that while poverty is a significant factor, it is only one, relatively small factor
that can explain the influence of the summer months on MGPs. Instead of controlling for student poverty
in the model, a more effective way of reducing any bias that may be introduced by summer learning loss
would be to control directly for the summer months. Given new flexibility in assessment systems offered
under the Every Student Succeeds Act, states may want to consider how the use of multiple assessments
throughout the school year could be used to track growth more effectively than a single annual assessment.
Future research is needed to further investigate whether growth estimates calculated for the academic
school year (i.e., fall-to-spring—with multiple priors), rather than based on annual measurements, would
lead to more valid estimates of student growth for educator and school evaluation.
Secondly and unsurprisingly, the number of prior observations makes a significant difference when
calculating SGPs. For the STAR dataset, controlling for variability in the summer months did not
significantly decrease the relationship between spring-to-spring MGPs and poverty. This may be because
the STAR SGPs were calculated using more than one prior achievement score, which can account for the
variability in summer learning patterns across time. If a student who loses achievement over the summer
months one year is more likely to lose the next year, then using multiple years of data may lead to more
accurate determinations of normative student growth. Though this conclusion has previously been shown
using simulated data (see Castellano & Ho, 2013), we do believe it is worth re-emphasis as it stresses the
real-world importance of maintaining and then utilizing large, longitudinal datasets to strengthen the
validity of SGPs and growth models in general.
In sum, study results show that systematic differences in summer learning do not seem to be the driving
factor in the correlation between poverty and MGPs. This is in part explained by the finding that summer
learning patterns are not primarily a function of poverty. Therefore, the implicit model—Equation (1)—
should be reconsidered as a likely explanation for the observed correlations between MGPs and student
poverty. The findings of this paper suggest that the correlations between poverty and MGPs cannot be fully
explained by omitted variable bias, but may be instead a result of an inequitable distribution of teacher
quality. This conclusion warrants further study as the policy implications for addressing a systematically
uneven distribution of effective teachers across school settings has the potential for better understanding
and reducing the persistent achievement gaps in the United States.
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