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In academic circles, considerable attention is given to sophisticated approaches and methods for
working with less than desirable data like those contained in the School-Level State Assessment
Database (SSASD). In practice, however, many of the sophisticated approaches are not applied due
to cost and time restrictions and sometimes because methods elaborated on paper are undermined
by unforeseen lapses in data quality that do not become apparent until data are sorted and prepared
for analysis. Some of these unforseen datalimitationsinclude (i) missing or incomplete background
data for experimental and/or control groups, (ii) large proportions of students in either the
experimental and/or control groups that do not take the test, switch schools, or are retained and
retake the same test in consecutive years, and (iii) changesin state assessment tests or norm groups
that can occur far too frequently over time.

In our work at The Evaluation Center we have been contracted to evaluate a wide range of
school programsand education reforms. Interestingly, every timewework with student achievement
data, the design and analytical strategy changes depending on the quality and consistency of
achievement data and overall project time span and funding. In this paper, | have drawn upon the
evaluations of charter school reforms we have conducted. These will illustrate the wide range of
design alternativesthat can be used. Particular attention will be given to the various strategies that
can be used to capture gain or change scores using school- or group-level data because thisis the
what isavailable for use in the SSASD.

The examples covered in this paper are grouped by design type. We generaly group the
student achievement studiesin charter schoolsin the following design categories. cross-sectional,
successive cohorts, same cohorts, similar groups of students, matched students, and random
assignment. Thereare— of course— many variations of these designs sincethey differ in the nature
and number of controls used, and they vary in terms of the overall scope of the studies (i.e., number
of years, numbers of grades covered, numbers of subjectsincluded, etc.).

Given that the findings regarding student achievement in charter schools are hotly contested
and garner substantial attention, and given the overall importance of student achievei&it foi the
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surviva and growth of these schools, it seemsthat afocus on charter schoolswill provide asuitable
context for discussing study designs.

Charter schools have been around for over adecade now and the body of research on charter
schools has clearly improved over time. Initially, most of the writing on charter schools was rather
rhetorical and not empirical. The published research on these schoolsin the mid-1990swaslargely
theoretical in nature or else focused on start-up issues and the degree to which these schools were
innovative. By the end of the 1990s, more of the research and evauations of charter schools
addressed student achievement. Improvementshaveoccurredintheresearch of charter schoolsover
time for the following reasons:

(d Charter schoolshave operated for more years so there are more schoolstoincludeintheanalysis
with multiple years of datato track.

(1 Ascharter schoolsgrow in size, more schools passthe threshold at which their datacan be made
public (e.g., some states like Ohio wait until a school’ s third year before it will publicly report
data. Most states also do not post data for subgroups when there are too few testtakers).

(1 State assessment systems are expanding and improving over time. All states are adding more
grades to be tested, and several states are making greater efforts to equate results from year to
year. Also anumber of statesare devel oping and allowing accessto individual student datawith
unique identifiers that allow researchersto link students from year to year.

 Finally, the overall sophistication of the charter school research has improved over time as
researchersadapt and create more rigorous methods of measuring growthin charter schoolswith
less than desirable data.

Over the past decade, a number of state agencies and foundations have contracted with The
Evaluation Center to eval uate the implementation and impact of charter school reforms. The state
level evaluationshave dl relied on avail abl e state assessment systemsto provide dataon outcomes.
In other words, the general source of data for these studies is the same data that feeds into the
SSASD. In total, we have conducted 9 large scale evaluations of charter school reforms in 6
different states as well as a multi-state study of schools operated by Edison Schools Inc. (many of
these Edison schools were charter schools). Our ownwork has not included studiesin the weakest
category of designs (i.e., cross sectional), nor has our work included any randomly controlled
experimental designs.® While a few of our studies have found charter schools to be performing
poorly in Michigan and Ohio, we have aso conducted evaluations that found charter schools in
Connecticut and Delaware to be outperforming (i.e., outgaining) students in traditional public
schools.

In the following sections, the examples that are discussed are grouped based on the overall
design category, starting with cross-sectional studies and then progressing to increasingly more

! In our statewide evaluation of charter schoolsin Illlinois, we did attempt to replicate random assignment
by comparing students who entered the charter schoolswith students who applied but did not gain access through
the lottery process. In other words, the control group would be drawn from the students who did not gain entry
to over-subscribed schools. In the end, we had to scrap this approach because the waiting lists were too small in
numbers or were not sufficiently audited and maintained over time.
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rigorous designs. A few analytical approaches are discussed in greater detail because they offer
promising means of evaluating student achievement data in the absence of student- or individual
level data. In the closing section of the paper, means of synthesizing the findings from diverse
studies of student achievement by weighing them based on the quality of their overall design are
discussed. So too are recommendations for strengthening and increasing the utility of the SSASD.

Cross-Sectional Studies of Student Achievement

Interestingly, some of the most widely discussed and debated studies of student achievement in
charter schools have been those that were the weakest in terms of design. In the autumn of 2004,
the AFT (2004) released areport that included a cross-sectional analysis comparing charter schools
to traditional public schools using the NAEP data. This report received front page coveragein the
New York Times and was hilled as having sweeping implications. A researcher from Harvard
University (Hoxby, 2004) responded by releasing her own cross-sectional study afew dayslater that
claimed to be based upon a comparison of 99 percent of al charter schoolsin the nation with their
neighboring noncharter public schools. Thefindingsfrom thetwo studieshad opposing conclusions
and stirred considerable debate. The National Center for Educational Statistics (NCES, 2005)
released a more complete analysis of the NAEP data in the spring of 2005 which had similar
conclusionstothe AFT report (see NCES, 2005). Hoxby responded to the NCES study by releasing
adlightly modified version of her earlier cross-sectional analysiswhich again concluded that charter
schools were making substantial gains compared to traditional public schools.

Whilethese cross-sectional studies provided asnapshot picture of how charter schoolswere
performing at asingle point in time, both studies attempted to provide some controlsfor differences
in populations. The studies based on the NAEP data blocked and compared subgroups of students
by ethnicity, family income (i.e., free or reduced lunch status) and special education status. The
Hoxby study made an assumption that neighboring schools would be demographically similar.

Asidefrom the multi-state studies noted above, cross-sectional designs have often been used
by the media and advocacy groupsto assemble quick and easy comparisons of student achievement
in charter schools relative to traditional public schools. A few states have also relied on cross-
sectional designsto evaluate their charter schools. One noteworthy example of thisisthe Colorado
Department of Education which has been preparing cross-sectional comparisons for several years
without calculating change or gain scores for successive or same groups over time. Given the
expansion and improvement of the Colorado state assessment system, one expects more
sophisticated designswill beused inthefuture, possibly even adesign that will be based on student-
level resultsinstead of school-level results.

Successive Cohorts

Most of the available studies of student achievement in charter schools fall within the category of
successive cohorts design. Basically, the design alows for comparison of successive groups of
students over time and for comparisonsto be drawn between charter and noncharter public schools.
Thisisacommon approach as only afew states allow accessto indivdiual student data researchers



can only compare groups over time. Also, until recent years, state assessment systems tested and
reported dataat only afew gradelevels(e.g., grades4, 8, and 10) which madefollowing same groups
over time more difficult. The analysis of successive cohorts means that different or successive
groups of students are compared at the same grade level and in the same subject area. For example,
Reading results for fourth graders in 2001 are compared to Reading results for fourth gradersin
2002. The key assumption with this design is that students in successive years will have more
exposure to the treatment (i.e., charter school). Another key assumption is that the schools attract
and enroll students with similar background characteristics each year so that changes in student
performance are not affected by shifting demographicsover time. Unfortunately, these assumptions
do not hold true since mobility ratesin charter schools can be very high, and when schools arefully
implemented they may attract studentswith differing characteristicsthan they did during the start-up
phase.

Studiesin this category vary considerably depending on whether and how well they control
for demographic differences between the charter and noncharter public schools that are being
compared. Some studies use blocking of dataand draw compari sons between subgroups of students
based on ethnic background, FRL status, Title 1 funding status, special education status, etc. Other
studies have controlled for differences using regression anayses and consider many or all of the
same demographic characteristics.

Two rather unique approaches that analyze successive cohorts over time include residual
gains analysis and odds-ratio analysis. In the following two sections these approaches are briefly
described.

Residual Gains Approach ®

In our 3 year evaluation of Pennsylvania charter schools (see Miron, Nelson, & Risaly, 2002) we
analyzed changesin residuals over time. Thiswas based on the state assessment data that captured
mean scal e scoresthat provided amore sensitive measure and all owed comparison from year to year.
Only school- or group-level datawasavailableand only studentsin Grades5, 8, and 11 took the state
assessment at the time of our evaluation.

The key finding of this evaluation was that Pennsylvania charter schools appeared to be
having amodestly positive influence on student achievement. Y et, a simple examination of scores
on the Pennsylvania System of School Assessment (PSSA) suggested that most charter schools
scored well below the state average. Inour full technical report we explained how both statements
can be true. The answer lay in the distinction between score levels and score gain. In short,
Pennsylvaniacharter school sappeared to beattracting studentswith lower-than-average achievement
levels and producing small relative gainsin their achievement levels.

Since achievement gains are much less correlated with student background factors than
student achievement levels, they provide agood indicator of school effectiveness. Atthetimeof our
evaluation (2002), students were assessed at three gradelevelsonly (5, 8, and 11). Thus, instead of
observing asingle group of students (e.g., fifth graders) asthey progressed into the sixth grade and

2 The example outlined in this section is based on the methodology section of the final report for the
evaluation of Pennsylvania charter schools (Miron, Nelson, & Risely, 2002).
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beyond, we were restricted to observing the performance of consecutive groups of students. By
themselves, trends in PSSA performance do not allow usto distinguish score changes that are due
to school effectiveness from those that are due to changes in student composition.

To estimate the charter school effect, we developed a set of statistical “filters’ that subtract
most of the changesin student composition over timeinthe charter schools. The remaining portion
of the score changes provides areasonabl e (though not fool proof) estimate of school effectiveness.
While calculating the filtered scores requires statistical techniques (described in great detail in the
technical report), the basic ideais relatively simple. The filters work by comparing each charter
school with aset of demographically and geographically similar noncharter public schools. Instead
of focusing on absolute levels of PSSA scores, the filtered scores focus on the differences between
each charter school and a specially selected comparison group created using regression analyses.
Variables used in the filters were obtained from state and federal databases and included income,
race, specia education status, urbanicity, PSSA participation rates, and school enrollment.

Inasmuch asthe comparison schoolsweresimilar to charter school sin most relevant respects
save for not being acharter school, the filtered (difference) scores provided the best approximation
of the charter school effect given the available data.

Another advantage of the filtered scores is that they have a straightforward interpretation.
Since thefiltered scores represent the difference between a charter school and its specially selected
comparison group, ascore of zero indicatesthat the charter school is performing exactly on par with
itscomparison group. Unlike most test metrics, filtered or residual scores can take negative val ues,
indicating that the charter school’ s performanceisbel ow that of its comparison group. For example,
afiltered score of -50 indicates that the average student in a charter school scored 50 points lower
on the PSSA than predicted or relative to the average student in the school’ s comparison group. By
contrast, afiltered score of 78 indicatesthat the average student in a charter school scored 78 points
higher than the average student in the school’ s comparison group.

Asdiscussed above, changesin scoresover time provideabetter estimate of value added than
asnapshot fromasinglepointintime. Charter school gainsinresidual scoresover timeindicatethat
the average student score is catching up with the average student in the school’ s comparison group.
Similarly, declines in a charter school’s residual scores suggests that the average student in the
charter school isfalling behind the average student in the school’ s comparison group. Appendix A
includes a snapshot of the findings from this evaluation.

Theregression analysisallowsfor statistical controlsthat enablethe analyst to compare each
charter school’s score with demographically similar schools. Assume, as an illustration, that the
analyst wants to create comparison groups based only on the concentration of low income students
in aschool. In this case, the analyst would simply regress the charter school test scores against
income for all noncharter public schools. Explained in intuitive terms, the regression procedure
simply finds the line (mathematical function) that best relates income to PSSA scores.
Mathematically, thisentailsfinding the line that minimizes the distance between each datapointin
two-dimensional space and the regression line.

Figure 1 provides agraphical example. Thetop line running from northwest to southeast is
theregression linefor all noncharter public schools. Theregression line can be viewed asthe set of
predicted pass rates for each level of income. Alternatively, the regression line may be viewed as
the set of mean PSSA scores for comparison schools at each level of income.
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Figure 1. lllustration of Using Regression to Calculate Residual PSSA Scores

To get theresidual score, we cal culate the difference between the observed passrate and the
pass rate predicted by the model. Put another way, it is the difference between the charter school’s
pass rate and that of its demographically matched comparison group. The procedure for generating
comparisonsbased on morethan one demographicvariablerequiresarel ated, though morecomplex,
approach called multivariate regression. The basic idea, however, remains the same. Graphically,
the multivariate regression model is extended into multidimensional space, with an additional
dimension for each demographic variable added.

In any regression model, the accuracy of the predicted values (and thereby the residuals)
depends upon the choice of independent variables. For thisevaluation werelied on standard models
of student achievement found in the production function literature and elsewhere. Thefinal model
employed in the regression analysis modeled PSSA scores as a function of family income, race,
concentration of special education students, enrollment, PSSA participation rate, and urbanicity. In
al instances, the regression models were estimated only for noncharter public schoolsin districts
sponsoring charter schools. Thisallowed usto control for charter-noncharter differencesthat are not
fully captured by the other variables. Appendix A includes some of the findings from this study
which illustrates the usefulness and appropriateness of this approach to measuring student
achievement in charter schools with less than desirable group level data.



Odds-Ratio Analysis®

In our evaluation of student achievement in schools operated by Edison Schools Inc., we employed
several different statistical methods and analyseswhich, taken together, provideacomposite picture
of student performance on standardized tests at Edison schools. Inthis section, adescription of how
we used odds ratio analysis to make cross state comparisons using school level results on the
differing state assessment testsisincluded. Oddsratio analysisis a strategy more commonly used
in epidemiology. It was suitable for this particular study because it allowed us to make cross-state
comparisons while relying on student learning outcomes from varying state assessment tests.
Limitationsin state assessment datameant that we could only compare successive groupsor cohorts
of students over time.

The odds ratio analysis we conducted examined student learning outcomes within a
successive cohort study by analyzing the collapsed ordinal responses (pass/fail categories) on the
state tests. A cohort study is when subjects are selected before they are exposed to possible
determinants of interest (i.e., being in acharter school), and their exposure to possible determinants
of interest (i.e., “thecharter effect,” or “the Edison effect”) arethen recorded al ong with the outcome
(i.e., passing or failing the state test or in other words, meeting or exceeding state standards vs. not
meeting state standards). Thecritical design factor inacohort study isthe comparability (similarity)
of thetwo groups at the beginning of the time period under study. If thetwo groupsare similar, then
an observed association between being in an Edison school and passing (or failing) acomponent of
the state test can be reasonably defended. However, if the two groups are not similar, then any
observed associ ation between being in an Edison school and passing (or failing) acomponent of the
state test may or may not be truly afunction of attending an Edison school.

Although there are several possible ways to define passing, we opted to define passing and
failing as specified by each state assessment system. For example, if the criterion-referenced state
assessment test is scored along a4-point scale (Level 1 [lowest] to Level 4 [highest]) and the state
criteriafor passing is ascore of 3 or 4 then we collapsed level 4 into level 3 and level 1 into level
2 to define passing and failing respectively. It should be noted that this reclassification could mask
someimportant gainsevidenced by the studentsin either the Edison charter school or thecomparison
group. We constructed the 2x2 tablesfor these analysesin such away to represent the rel ative odds
for astudent to fail acomponent of the state test.

The oddsratio (OR) (McNeil, 1996) is defined as OR = ad/bc and represents the proportion
of studentswho fail thetest in the treatment school relative to the proportion of studentsfailing the
test in the comparison school. An odds ratio can take values from zero to positive infinity.
Interpretation of an OR is straightforward. An OR value of 1.00 represents equal odds for failing
(or passing) relative to the comparison group. Values from 0.00 to 1.00 are representative of a
“protective’ effect; that is, the odds of failing are lower in the Edison school. Vaues greater than
1.00 would represent increasing odds for failing the test if enrolled in the Edison school. Aswith
any point estimate, a (1-a) confidence interval (Cl) needs to be constructed for accurate
interpretation. Thus, if the Cl around the OR includes 1.00, the conventional interpretation would

% The example outlined in this section is based on the methodology section of the final report for the
evaluation of student achievement in schools operated by Edison Schools Inc. (Miron & Applegate, 2000).
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be that there is no statistically significant difference in the relative failing rate between the two
schools(i.e,, if the Cl included 1.00, thereis no statistically significant difference). However, if the
Cl does not include 1.00, the OR is generally interpreted as statistically significant, either
representing a statistically significant protective effect or a statistically significant increase in the
odds for failing the test. Due to the truncated nature of the sampling distribution of the OR, the
standard error of the OR iscal culated based on the natural logarithm of the OR, similar to converting
acorrelationto aFisher’ sZ beforeconstructinga(1-«) confidenceinterval around acorrelation. The
standard error of the natural log of the OR is

1 1 1 1
SE(InGR)Y= ,j—+ +—+
a m-a b n-b

This approach allowed us to measure the nature and relative size of trends over timein the
Edison schoolsrelativeto stateand local district trends. Appendix B includes samplefindingsusing
the odds ratio analysis from one of the charter schools operated by Edison Schools Inc. that was
included in this study.

Same Cohorts

Same cohort studies refer to those instances where we are able to follow same groups of students
over time. For example, comparing grade 4 reading in 2003 to grade 5 Reading in 2004. As states
roll out thelr state assessment systemsto cover more grades, it isincreasing possibleto follow same
cohorts rather than successive cohorts. In the examplesin the previous section, test data were not
available for consecutive grades so it was difficult to track the same group or cohort of studentsto
the next test event which could be between 2 and 4 years later. Calculating gain scores on same
cohortsis preferable to consecutive cohorts although thereis still the possibility that studentsleave
or are added to the group over time which cannot be controlled for without individual student data.
Gainsscoresfor same cohorts can be used in both the residual gains or odds-ratio analyses described
in the previous section. The charter school students that have followed same cohorts are few in
number and include the work we did in our Connecticut evaluations (Miron & Horn, 2002; Miron
2005).

Matched Students *

While the cross-sectional, successive cohort, and same cohort design categories are all based on
group or school level data, there are an increasing number of charter school studies that are based
onindividual student data. When researchersor evaluatorscan get their handsonindividual student
data, it isamost always the case that they can link thisto demographic data. Likewise, it is amost

* The example outlined in this section is based on the methodology section of the final report for the
evaluation of Delaware charter schools (Miron, 2004).
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always the case that they can link student scores over time to measure gains or changes in
performance. This allows analysts to match charter and noncharter students on afew or several
demographic characteristics and then track their relative performance over time. Thefirst study of
student achievement in charter schools that used a matched student design was completed in 2001
for Arizona (see Solmon, Paark, & Garcia, 2001).

Inthissection, | will describe our longitudinal study from Delawarethat allowed usto match
every charter school student to a demographically similar noncharter school student. Gain scores
were calculated over time after controlling for previous performance levels. First, the source and
nature of thedataaredescribed. Then adescription of how we designed and compiled charter school
and comparison groupsin separate panelsisincluded. Finaly, adescriptionand justificationfor the
analytical strategy as well as some of its limitations is included.

In addition to its extensive warehousing of school level data, the Delaware Department of
Education has an advanced performance data system that yields and tracks data for al studentsin
thestate. A dataset was provided to us by the Department of Education with test datain two subject
areas from the past 7 years. This dataset included both studentsin charter schools and studentsin
traditional public schools. Identifyinginformationwasremoved and replaced with uniqueidentifier
codesthat allowed usto link studentsfrom year to year. The scope and nature of these dataallowed
usto useamatched student design to examinetheimpact that charter school swere having on student
learning. The matched student design is a quasi-experimental design in which students in the
experimental group (i.e., charter schools) are matched according to al relevant background and
demographicindicatorswith studentsin the control group (i.e., traditional public schools). Students
are followed over time and we track and compare relative gains.

About the assessment instrument. Data for the analyses are from the Delaware Student
Testing Program (DSTP), whichisthe statewide assessment program. The DSTPisused to measure
how well studentsare prepared relativeto the Delaware Content Standardsin English language arts,
mathematics, science, and socia studies. Our analyses focused on reading and math because data
were available for more years and the tests in these subject areas had both scale scores and normal
curve equilvalents as outcome measures.

Resultsfrom the test are reported at various levels, including the state, district, school, and
individual student. Individual student dataare carefully protected by the state, and obtai ning access
tothesedatainvol ved an application and permission process. The dataobtained for our analyseshad
unigue identifiers which allowed us to track and link students from year to year. The results are
reported by grade and subject area and the measures used include both scaled score results on the
DSTP and the normal curve equivaent (NCE) scores on the SAT-9. A number of items from the
SAT-9 are incorporated in the DSTP math and reading tests (not the writing component) so that
equivalent scores can be calculated for the SAT-9.

Panel definition. The goal of our panel definition was to create a random sample of
noncharter students who were demographically matched with charter school students that spanned
the greatest number of DSTP assessments. Multiple panel designs were considered. Our aim was
to useapanel design with three datapoints; however, thisresulted intoo few studentswith valid test
scores at al three data points. This was due to student mobility and the fact that many charter



schoolsdid not exist or had limited graderange in the early years of thereform. Development of the
six panels (A - F) illustrated in the table bel ow began with the most current DSTP assessment year
(either 2003 or 2004) and |ooked back intimeto the previous DSTP assessment. Thus, wewereable
to build three panel pairsthat examined longitudinal growth from third to fifth grade, fifth to eighth
grade, and eighth to tenth grade. Ascan be seeninthetablebelow, the panel samplesizeinthemore
recent assessment years and at younger grade levels is greater than in the earlier and older
assessments, reflecting an increasing enrollment trend for charter schools.

Description of the Panels

Total Number of Charter Year of DSTP Data With Test Grades
School Studentsin Analysis Highlighted in Bold
Panel Math Reading Writing 2000 2001 2002 2003 2004
A 515 491 516 < L — - G
B 428 411 427 3th 4 5th gh
€
C 328 316 328 40 5t 6™ 7" gn
€
D 295 293 284 5h g 7 g g
-
E 221 211 222 6t 70 gt g 10t
-
F 180 179 181 7 g oih 1ot

A panel was created by merging one DSTP subject area (reading or math) with the
demographic data and selecting subjects who had valid test data in the two years selected for the
panel and who werein thetarget gradein the last panel year, e.g., grade5in 2004 in Panel A. Once
the appropriate population of students wasselected, e.g., the above condition, the matching and
random selection processes were undertaken.

Charter studentswerematched with noncharter studentson four demographic characteristics:
gender, ethnicity, Titlel status, and FRL status. Itisimportant to notethat charter school statuswas
defined by where a student was enrolled in thefinal DSPT assessment for that panel. According to
the codebook supplied by DOE, therewere five coding levelsfor ethnicity and two each for gender,
Titlel, and FRL. Thus, therewere 40 different demographic stratafor matching. We also considered
matching on specia education status (two levels) and limited English proficiency (two levels), but
this resulted in 160 possible demographic combinations. There was amost no variability in these
last two demographi c variables, sothey werenot considered further. After the40 demographic strata
were defined, the total panel population was broken down among the 40 strata for charter schools
and noncharter schools. After the panel popul ation wasstratified, demographically matched samples
could be randomly drawn from each strata.
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Analytical strategy. To address the central research question (i.e., is there a differencein
achievement between students attending charter schoolsvs. students attending noncharter schools),
ananaysisof covariance (ANCOV A) wasconducted on thelast DSTP assessment with the previous
DSTP assessment score as the covariate. Separate ANCOVA analyses were examined for DSTP
scaled score and SAT-9 NCE for the reading and math assessments.

The use of the previous DSTP as the covariate served as a statistical matching procedure
where the means on the last DSTP assessment for each group (charter and noncharter) are adjusted
to what they would beif thetwo groups had scored equally on the previous DSTP assessment. Thus,
using the previous DSTP assessment isastatistical control for previous achievement level; as such,
the evaluative question directly addressed by the ANCOVA is “Is enrollment in a charter school
associated with higher DSTP mean assessment scores in math and reading than enrollment in a
noncharter school after adjustment for previous DSTP assessment performance?’ A portion of the
actua findings areincluded in Appendix C to help illustrate the utility of this approach.

Randomly Controlled Experiment

Conducting a randomly controlled experiment with charter schools involves randomly assigning
students to either a charter or noncharter public school. Thisisavery complex and difficult study
to conduct becauseit requiresthe recruitment of familiesto participate and abide by the decision to
enroll in the school they are assigned (either charter or noncharter). In redity, families that are
dissatisfied with their local public school and apply for aplace in acharter school are likely to seek
other options than their local public school if they do not get a place at the charter school. For
example, they arelikely to apply again for the charter school in the subsequent year or they may seek
to move their child to a private school. This is only one example of why such studies are
complicated and costly. Attempts have been madeto use students who apply but do not gain access
to an oversubscribed charter school asacontrol group. Thisrepresents random assignment but may
mask other factors such as families who give up their place because of lack of transportation. One
study in a small group of Chicago charter schools was conducted by Hoxby and Rockoff (2004)
which found that charter schools outperformed studentswho did not gain aplacethrough thelottery
system and had to continuein district schools. While questions have arisen regarding the scope and
incompl ete nature of thetechnical report for thisstudy, the U.S. Department of Education hasfunded
arather large and expensive randomly controlled study of student achievement in charter schools
which is being conducted by Mathematica. Results from this longitudinal study will begin to be
reported in 2006.

Synthesis of Findings Across Studies

Policymakers are looking for definitive answers regarding the success of education programs and
new school reformssuch as charter schools. Although charter school s have been operating for more
than adecade and even though these school swere expected to be highly accountabl e school s, we il
do not have a definitive answer for policymakers regarding whether or not these schools are
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improving student achievement. Some argue that we will not have adefinitive answer until we can
conduct arandomized experiment. Others, including myself, have attempted to provide an answer
to policymakers by summarizing or synthesizing the existing body of research on thetopic. Idedly,
these effortsto synthesize the research would use ametaanal ytical approach (see Glass, 1976) or at
least a best-evidence approach (see Slavin, 1986), however, these approaches require a more
sophisticated set of studies that calculate and report effect sizes.

Given the limitations in data available for research on charter schooals, it is not possible to
calculate and synthesize effect sizes. Therefore, it has been difficult to provide systematic and
rigorous summaries of the research. Together with colleagues at The Evaluation Center, we have
made an effort to provide a synthesis of the growing body of research on charter schoolsto provide
answers for policymakers (see Miron & Nelson, 2001; 2004).> Our approach has been to construct
apicture from the diverse studies available, even though many of these studies use relatively weak
study designs. Each new study on student achievement in charter schools brings the picture into
greater focus. Our approach to synthesizing the research involves the four steps listed below:

1. Setting inclusion and exclusion criteriato determine which studies will be considered.

2. Next, the selected studies were categorized by the nature of the impact on student
achievement (i.e., Very negative, Negative, Mixed, Positive, and Strongly positive). Findly,
the studies were weighted by the quality of the design. The weights given to studies also
consider scope of the studiesin terms of number of years, proportion of schoolsincluded in
the analyses, and the number of grades and subjects included.

3. Thefina step involved weighing and synthesizing the results to cal culate average state and
national performance levels.

Our results have shown that when synthesizing the research across the nation the results are
mixed or very slightly negative toward charter schools. Large differences exist by states however.
While our initial synthesisin 2001 included 12 studies, an update of this report considering studies
completed by the spring of 2003 (see Miron & Nelson, 2004) included 17 studies. A new update
of our synthesis of the research on charter school performanceis due out in the late spring of 2006.
This synthesis will include consider and weigh the findings from more than 30 studies of student
achievement in charter schools that now exist. Figure 2 below provides a tentative illustration of
how the findings vary by state, by the nature of their impact (i.e., either positive or negative), and
by the overall quality of the study.

® There have been afew other attempts to synthesize the research on student achievement. Back in 2001,
RAND compiled a summary of the research on student achievement in charter schools (see Gill et a., 2001).
Because they set the bar so high for the studies to be included, only 3 studies were actually considered and
summarized. M orerecent summaries have been prepared by Hassel (2005); Carnoy et.al. (2005), and Hill (2006).
The later three examples have grouped studies depending on whether they were positive or negative and in some
cases they are group by design type although no effort has been made to weigh and synthesize the results across
studies.
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Figure2. Quality and Impact Ratings for State and National Studies of Student
Achievement in Charter Schools

Note: This figure provides an illustration of estimated impact and quality ratings for 32
studies completed during the past 5 years. Those studies completed by The Evaluation
Center are highlighted in bold and underlined text.

Reviewing and Weighing Studies of Student Achievement

In this section, anumber of key questions are raised that need to be considered when reviewing and
weighing studies of student achievement.

Study Design

Key questions to address:
What is the design for the study?
Isthe study longitudinal or cross-sectional ?
Does the study use individual student data or group level data?
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Below is a general list of possible study designs that are rank ordered from strongest (top)
to weakest (bottom). Randomized experimental designs (#1) are widely considered the “gold
standard.” These designs are often difficult to use in educational settings. If they are not
implemented correctly or if they do not meet the necessary conditions for use, the strength of the
design will be undermined. In other words, this is the strongest design when properly used.

1. Randomized experiment

Matched groups

Similar groups with controls

Similar groups with no controls

Student-level data

AR Bl I

Dissimilar groups

6. Cohorts with controls

Longitudinal designs

7. Cohorts with no controls

8. Successive cohorts with controls

School-level data

9. Successive cohorts with no controls

10. Cross-sectional with controls

11. Cross-sectional with no controls

A quasi-experimental design often used in education is matched groups (#2). This refers to
studies where students are matched with a comparison group that is similar in all identifiable
respects.

Design #3 draws comparisons with students who are not similar on all key characteristics
although statistical adjustments are made to account for differences that may exist. Design #4 also
compares similar groups but without statistical controls. Design #5 compares dissimilar groups over
time without statistical controls. Designs 3, 4, & 5 are not common in practice since when
researchers can get their hands on individual student data they can usually also obtain the individual
demographic data. In such instances researchers employ more rigorous designs such as the matched
student design (#2).

Designs 6-9 are based on comparisons of groups of students. Designs #6 and #7 follow same
groups over time (e.g., 4™ grade results in 2002 compared with 5™ grade results in 2003). Designs
#8 and #9 rely on comparing differing groups of students over time on the same grade level test (e.g.,
4™ grade reading students in 2002 compared with the next group of 4™ grade students in 2003). The
last 2 designs are cross-sectional in nature. More on these designs follows below.
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Is the study longitudinal (i.e., does it follow students or groups of students over time)?
Designs 1-9 arelongitudinal. Longitudinal studies areimportant because they canillustrate impact
of programs/reforms, and al so they omit alot of “noise” in the datafrom students entering or leaving
thegroups, sincethese studentsaretypically dropped from longitudinal studies. Thecross-sectiona
study designs noted in designs #10 and #11 can be misleading, since they provide snapshots of
school performance that do not take into account the gain scores or growth in learning over time.
Resultsfrom these studiescanillustrate static performance of agroup and they canillustratethekind
of studentsthat are attracted to or are enrolled inthe program. Cross-sectional studieswith controls
(#10) can illustrate how students are performing compared with demographically similar students
in other schools. Cross-sectional studies are easier to do, because only one year of datais needed.

Does the study use student level data (designs #1-5)? Studies using student level data are
stronger and more valid because the change in student performance over time is not influenced by
studentswho have not received thetreatment (e.g., studentswho takeinitial test but |eave the school
or students who arrive just before final posttest).

Many statesdo not have datafileswith individual student dataor they legally arenot allowed
toreleaseindividual student data, so researchersmust rely on group level datareported by grade and
subject area. These are weaker designs, but when extensive controls are made, they can yield
helpful data

Controls for Comparison Groups

Key question to address:
What controls for comparison groups were used?

Below alist of typical controlsisincluded. These student- or school-level variables can be
used when matching students or schools. Also, they can be used when it is necessary to make
statistical adjustmentsto account for background differences.

[ Free and reduced lunch status (common [ Starting performance levels
indicator for poverty) [ Urbanicity

[ Ethnicity d Region

( Speciad education or Limited English [ Parents’ education level
Proficiency  Year of operation for school

Because family income and poverty are strong determinants of education attainment and
performance on standardized tests, the most important characteristics to match students should be
free and reduced lunch status, which isacommon indicator for poverty. In someinstances, Titlel
statusis aso used as aindicator of poverty.

Ethnic background is also an important characteristic. Minority students often perform less
well due to cultural differences not represented in standardized tests.

In terms of students’ ability levels, three variables address the ability level or limitations of
students. Thefirst two are specia education statusand limited English proficiency status. In many
studies, students in these groups are excluded from analysis because of the difficulty in making
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suitable matches in comparison groups, and/or because the test used for these groups is different
from the test administered to regular education students.

The starting performance of studentsisanother variablefocusing on ability. Thisisperhaps
one of the most important controls that is commonly overlooked. Some school programs attract
students from other schools that are unique in that they are predominately at risk of failure or are
gifted. When a study takes into account the starting (pretest) performance level of students on a
standardized test, it controlsfor relative ability. Studentswho arefar below the mean are often able
to demonstrate larger gains than students at or above mean performance levels.

Measures of Student Performance

Key questions to address:
What are the measures of student performance?

The measures of student performance are very important. Some measures are more precise
for calculating gainsfor individual studentsover time. Theseinclude standard or raw scores on the
test, national percentile rank, or normal curve equivalent.

Some measures are less precise such as quartile or decile scores, which will mask some
change in scores if the students remain in the same quartile or decile. The crudest measures of
student performance are cut-off scores such as those set according to state standards (e.g., student
isat “basiclevel,” “meetsstandard,” or “exceeds standard”). The more precision ameasure has, the
more likely that researchers can capture and measure change.

Scope of the Study

Key questions to address:
What grades areincluded in the analysis?
What subject areas are covered?
What is the number and proportion of schools covered?
How many years of data are covered in the study?

Completeness and Quality of the Technical Report

Key questions to address:
Isthere a technical report?
If so, does it explain the methods for the study?
Does the technical report spell out limitations of the study?
Does the technical report contain a full set of findings?
Based on information in the technical report, can the study be verified and replicated?
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Reputation of Researcher and Host Organization

Key questions to address:
What is the reputation of the researcher?
Has she or he a vested interest in the outcomes of the study?
Has he or she come up with differing results from other studies?
What is source of the funding?
Does the researcher’ s host organization have a vested interest in outcomes?

The questions raised regarding the technical reports and the reputation of the researcher and host
organization are critical issuesto consider in terms of decisions to include or exclude studies for a
synthesis of findings. However, because they are difficult to measure and apply in a weighting
scheme one should avoid using them to weight and synthesize research.

Final Comments

The title of this paper emphasized that constructive uses for existing assessment data would be
described and promoted in the contents of this work. The alternative approaches detailed in this
paper promote theideathat we can work with lessthan desirable (albeit, best available) data. Other
factors that have not been discussed but which also support the use of data such as those contained
in the SSASD are costs and feasibility. The examples | have drawn on in this paper all represent
large-scale or statewide evaluations with rather low costs for evaluating the impact of schools and
reforms on student achievement. The most complicated study we conducted was with the matched
student design in Delaware. The estimated costs for the student achievement component of this
statewide evaluation of charter schools were around $15,000. The estimated costs for the student
achievement sections of the Pennsylvania and Edison studies were between $20,000 and $25,000.
Compare these costs to the more than $5 million that the US Department spent on a single study of
charter school performance using arandomized experimental design.

Using existing data saves not only money but also considerabletime. Whileit is necessary
to wait several yearsfor the findings from arandomized experiment, when existing datais used we
can apply longitudinal designsby looking retroactively at existing data. When thefindingsfrom the
federally-sponsored randomized study arereleased, it is certain to be one of the strongest and most
defensible studies available. It isnot, however, likely to provide a definitive answer regarding the
performance of charter schools. Giventhedifferencesin charter schoolswithin and between states,
any definitive answer will come from a careful synthesis of the growing body of knowledge, most
of which is based on readily available data generated from state assessment systems.
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Appendix A
Sample Findings Using
the Residual Gains Analysis

In this appendix, results from our evaluation of the Pennsylvania charter school initiative are included
to illustrate the utility of the residual gains approach for measuring student achievement. The results
yielded useful school level findings, aswell asinteresting aggregate findingsfor all charter schoolsand
groups of charter schools.

Historically, Pennsylvaniacharter schoolshave scored muchlower onthe PSSA than noncharter
schools. Knowing charter schools' achievement levels, however, tellsusvery little about their value as
levers for improving student achievement. It iswell known that student achievement scores reflect, in
large measure, the “ background” characteristics that students bring to the school. Theseinclude family
income, race, special education status, urbanicity, and so on. In analyses conducted for thisevaluation,
these background factorstypically accounted for close to three-fourths of the school-to-school variation
in PSSA levels.

By themsel ves, the unadjusted achievement scoresare more ameasure of student characteristics
than of school effectiveness. Indeed, the typical Pennsylvania charter school enrolls higher
concentrations of disadvantaged students than other public schools. The challenge, therefore, is to
determine what part of PSSA achievement scores reflect charter school effects, as opposed to the
characteristics of the students who happen to enroll in them. In short, the question is how much
educational value do charter schools add to their students?
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Figure A:1  Trendsin Filtered Scores, by First Y ear of Operation

Note: A filtered score of zero indicates that the average charter school student scored exactly on par with
the average student in demographically and geographically similar noncharter public schools. Positive
(negative) filtered scoresindicate that the average charter school student scored above (bel ow) the average
student in the comparison schools.
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Using residual or filtered scores,
the picture was brighter for charter
schools than with the unfiltered PSSA
scores. Before discussing changes in
filtered scoresover time, itisinstructive
to note that, averaged over time (and
across grade levels and subject areas),
the typical Pennsylvania charter school
student scored just slightly lower (36
points) than the average studentin hisor
her comparison group. Given that the
PSSA scale ranges from approximately
1000 to 1600, a 36-point average deficit
is a small one (5 percent of the scale
range). In practical terms, whereas the
average Pennsylvania charter school
student scored some 140 points below
the state average over the life of the
initiative, he or she scored only slightly
lower than the average student in
demographically and geographically
similar noncharter public schools.

Turning to changes in filtered
scores over time, we found that 24 of
the 42 schools (57 percent) with at least
2 years of PSSA data showed positive
trendsin filtered scores. Averaged over
all schools, there was typically a 15
point gainin PSSA scores, after filtering
out changes in student characteristics.
Trends in filtered scores are illustrated
in Figure A:1, which shows growth in
average filtered scores for schools
opened during the fall of 1997, 1998,
1999, 2000, and 2001. Figure A:2
provides a useful supplement to Figure
A:1. Here are plotted scaled scores for
both charter and comparison schools.
Figure A:2 confirmsthe finding that the
gap between charter and comparison
schools is generally narrowing over
time.

These trends are for aggregated
scoresat the school level that include all
subject and grade level test results. Our
technical report breaks out and
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Figure A:2 Gains on PSSA Scaled Score for Charter

Schools and Comparison Groups by Cohort
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elaborates the differences by subject are and by grade. For the purpose of this report we can note that
the charter schools did slightly better in reading than math, and the charter school studentsin grade 5
performed better than studentsin grades 8 and 11.

The cohort trends illustrated in the figures above—of course—mask considerable variance
among charter schools. Figure A:3 illustrates the amount of variance in school performance.

Like other studies
of achievement in charter
schools, our analysis was
subject to some important
limitations. The most
important of these is that
the PSSA isnot well suited
to tracking student gains
over time. Indeed, instead
of tracking a single cohort
of students over time,
analysisisrestricted to the
comparison of this year's
fifth, eighth, or eleventh
graders with different 0

I
groups of fifth, eighth, and -100 50 _d i 100
eleventh graders in Average annual gainfloss in filtered scores

subsequent years. Thus, Figure A:3 Variation in Annual Growth Rates Across Charter Schools
evaluators must find some

way to distinguish score changes that reflect school effectiveness from those that reflect year-to-year
changes in student composition. To this end, we have developed a statistical “filtering” methodology
that subtracts the influence of student background factors. While not fool proof, this method represents
a substantial improvement over examination of unadjusted PSSA scores.

Another important limitation of these findings is that, short of a randomized experiment, one
cannot be absol utely sure that the charter-noncharter differences have been caused by the charter school
law. To be sure, the system of demographic and geographic controls used to derive the filtered scores
rules out alarge number of rival explanations for the differences. However, it isimpossible to rule out
the possibility that the charter-noncharter differences are due to unmeasurable differences in parental
motivation, social capital, and other intangible factors. Once again, our methods, while not fool proof,
represent a considerable improvement from the examination of unadjusted test scores.

Even stronger analyses of the charter school achievement impact will be possible should
Pennsylvania move to a system that facilitates the tracking of individual achievement gains over time.
Also, the passage of more timewill provide longer series of data against which to estimate more certain
growth trends. Inthe meantime, policymakers must evaluatethe initiative’ s effectivenesswith the data
at hand. The findings in this study were designed to provide sound data to inform-though not fully
justify—decisions about the Pennsylvania charter school initiative.

4

Froportion of charter schools
]
|
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Appendix B
Sample Findings Using Odds Ratio Analysis

The primary purpose of this evaluation was to develop a composite understanding of the effect of
attending an Edison school on students’ achievement. Thisinvolved cross-state analyses, which resulted
in us having to use similar but less desirable comparison groups. Comparison groups were defined in
such away that the data sources would represent the same quality of information and thus have similar
meaning from state to state. Also, we had to use acommon measure of performance (cut scores) which
could be standardized acrossthe states, even when some states have better and more sensitive measures
of school performance on standardized tests.

Construction of the comparison groups. Wewereinterested in examining the number/proportion
of Mid-Michigan PSA studentswho met state standards (“ passing”) or conversely the number/proportion
of studentswho did not meet state standards (“failing”) on the Michigan Education A ssessment Program
(MEAP). Inorder to determinerelative impact, we needed to define a suitable comparison group. In the
grade 4 and 5 analyses, our first comparison was with the Lansing School District in which the Edison
school resided. The Edison school and the local district had student with similar demographic
backgrounds.

State performance constituted our second comparison group. Whilethe state demographicsvary
from Mid-Michigan Public School Academy and the Lansing Public School District, we believe that
comparisonswith state averages can yield further information regarding the rel ative gains of the Edison
school. Also, since Edison claimsthat advancesin other district schoolsis—-in part—due to its presence,
we used the state as amore distant point of comparison that cannot be easily influenced by the presence
of Edison schooals.

General procedure. Utilizing published data from the state of Michigan, we made yearly
comparisons (consecutive cohorts) at grade 4 and grade 5 from 1997 through 1999 and from 1998 to
1999 in grades 7 and 8 for each subject component of the MEAP test administered at those specific
grade levels.

Percentage data (students in each scoring category) were converted to raw frequencies and the
multilevel scoring wascollapsedinto adichotomy (pass, fail), thereby producing 2x2 contingency tables.
To ensureindependence of the rowsin these tables, the raw frequenciesfor each scoring category of the
MEAP inthedistrict and state comparisonswere down-weighted by subtracting the number of students
in that category from Mid-Michigan.

One of the many possible statisticsthat can be derived from a 2x2 contingency table is the odds
ratio statistic and corresponding 1-« confidenceinterval. From aclassical epidemiological perspective,
the students in the “Edison” school can be thought of as the “exposed” group-that is, exposed to the
“Edison-effect”— and studentsin the comparison group asthe unexposed group. From this perspective,
each yearly comparison isa“new” cohort; and, measured over a period of years, there are consecutive
class cohorts. Thereisaminimal possibility for cohort contamination if a number of studentsin one
group are not promoted to the next grade level. However, this represented a very small nhumber of
possible cases and has minimal impact on the validity of these analyses. We calculated and charted OR
for each of the 2x2 tables constructed from the chi-square analyses presented above. The findings for
grades 4 and 5 are included below and help illustrate the utility of this strategy.
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Oddsratio findingsfor grade 4. In grade 4 reading (see Exhibit B-1), the OR for Mid-Michigan
showed relative stability in magnitude against the district, revealing a slight risein OR in 1999. The
Breslow-Day statistic for testing the hypothesis of homogeneity of OR over the three years was not
statistically significant, indicating there was no real (statistically significant) change in the OR over the
three years. The common OR for the three yearsis 1.672 and the 95 percent Cl isfrom 1.284 to 2.176.
Since the Cl does not include 1.00, there was a statistically significant increase in odds for a Mid-
Michigan student to fail the grade 4 MEAP reading test relative to studentsin the district. That is, the
Mid-Michigan students were about 1.6 times more likely to fail this test relative to students in the
district. A similar patternin OR is observed relative to the state except that the magnitude is larger,
indicating that the Mid-Michigan students were even more likely to fail the reading MEAP test relative
to the state. The Breslow-Day statistic for testing the hypothesis of homogeneity of OR over the three
yearswas not statistically significant, indicating therewasnoreal (statistically significant) changeinthe
OR over the three years. The common OR is 3.249 and the 95 percent CI is from 2.549 to 4.142,
indicating that Mid-Michigan students were about 34 times more likely to fail this test.

The grade 4 math component of the MEAP presented a similar picture. All the Cl around the
individual ORsexclude 1.00 and thusare considered statistically significant. Likewise, the Breslow-Day
statistic for testing the hypothesis of homogeneity of OR over the three years was not statistically
significant, indicating there was no real (statistically significant) change in the OR. The common OR
relative to the district is 2.242 and the 95 percent Cl isfrom 1.748 to 2.876. For the state comparison
the common OR is 4.553 and the 95 percent Cl isfrom 3.639 to 5.698. The Mid-Michigan students
were about 2% times morelikely than district studentsto fail the math test over the three years and about
4v5 times more likely to fail relative to the rest of the state.

Oddsratio findingsfor grade5. Ingradeb5 science (see ExhibitsB-2), the OR for Mid-Michigan
showed relative stability in magnitude against the district. The Breslow-Day statistic for testing the
hypothesis of homogeneity of OR over the three years was not statistically significant, indicating there
was no real (statistically significant) change in the OR. The common OR for the three year period is
2.411 and the 95 percent Cl isfrom 1.709 to 3.401. Thus, there was a statistically significant increase
in odds for a Mid-Michigan student to fail the Grade 5 MEAP science test relative to studentsin the
district in thisthree year period. Mid-Michigan students were almost 2.5 times more likely to fail this
test relative to studentsin the district. A similar pattern in OR is observed relative to the state except
that the magnitudeislarger, indicating that the Mid-Michigan studentswere even morelikely to fail the
science MEAP test relative to the state. The Bresow-Day statistic forr testing the hypothesis of
homogeneity of OR over the three years was not statistically significant, indicating there was no real
(statistically significant) change in the OR over the three years. The common OR is 4.228 and the 95
percent Cl isfrom 3.078 to 5.809, indicating that Mid-Michigan students were about 44 times more
likely to fail this test as compared with the students in the state.

Thegrade 5writing component of the M EAP presented aslightly different picture. Inthedistrict
comparison the Breslow-Day statistic for testing the hypothesis of homogeneity of OR over the three
years was statistically significant, indicating that the OR needs to be examined each year due to its
changing value. As can be seen in Exhibit 11:4, the OR in 1999 took a substantial jump. Thisrising
pattern is also apparent in the state analysis, although it did not reach statistical significance. The
Breslow-Day statistic for testing the hypothesis of homogeneity of OR over the three years was not
statistically significant, and the common OR for the three year period was 2.436 and the 95 percent Cl
was from 1.930 to 3.076.
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EXHIBIT B:1 Results of the Odds Ratio Analyses, Grade 4

Mid Michigan Grade 4 MEAP Reading
vs Lansing
Year uB LB OR

1997 2.221 0.877 1.396
1998 2.289 0.948 1.473
1999 3.680 1.433 2.296

Breslow-Day for Homogeneity of Odd Ratio

Chi-Sq (2, N=3,845) = 2.564, p = .277
OR = 1.672
LB =1.284
UB =2.176

Mid Michigan Grade 4 MEAP Math
vs Lansing
Year uB LB OR

4.00
3.50
3.00
2.50
2.00

Odds Ratio

1.50

1.00

Grade 4 MEAP Reading

vs Lansing

Q&)i
0.00

1997 1998

1999

1997 3.163 1.302 2.029
1998 3.482 1.501 2.286
1999 3.733 1.584 2.432

Breslow-Day for Homogeneity of Odd Ratio

Chi-Sq (2, N=3,856) = 0.327, p = .849
OR =2.242
LB =1.748
UB =2.876

4.00
3.50
3.00
2.50
2.00
1.50

Odds Ratio

Grade 4 MEAP Math
vs Lansing
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EXHIBIT B:2 Results of the Odds Ratio Analyses, Grade 5

Mid Michigan Grade 5 MEAP Science

vs Lansing

Year UuB LB OR
1997 4.062 1.085 2.099
1998| 3.890 1.287 2.238
1999 5249 1.611 2.908

Breslow-Day for Homogeneity of Odd Ratio
Chi-Sq (2, N=3,651) = 0.587, p = .746

OR =2.411

LB =1.709

UB = 3.401

Mid Michigan Grade 5 MEAP Writing

vs Lansing

Year UuB LB OR
1997| 3.105 1.291 2.002
1998 2.110 0.914 1.389
1999 6.030 2.629 3.960

Breslow-Day for Homogeneity of Odd Ratio
Chi-Sq (2, N=3,594) = 11.998, p = .002

Grade 5 MEAP Science
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Appendix C
Sampled Findings from a Study
Using a Matched Student Design

In thisappendix, some of our findings from our use of amatched student design are included to provide
greater insight into the utility of this design.

Table C:1 contains the results from our analysis that incorporated all charter school students.
There aretwo panelsand two subjects (i.e., reading and mathematics) for each grade, which meansthat
there were four analyses at each grade level. We did not aggregate the results by grade or subject.
Instead, we have reported the results from each analysis separately. In our description and discussion
of the findings, we drew conclusions by grade and subject.

Theresultswere reported by grade and subject area and included both scaled score results on the
DSTPand thenormal curveequivalent (NCE) scoresonthe SAT-9. [A number of itemsfrom the SAT-9
areincorporated in the DSTPtest so that equivalent scores can be calculated for the SAT-9.] Therefore,
whilethe scaled score resultsreflect total scoresonthe DSTP, the NCEs reflect performance on a subset
of questions. Thiscan explain differencesinrelative performance levelsthat exist between the two sets
of scores.

The covariate mean (see Table C:1) is the mean score for all students in the group in the prior
DSTPassessment. Therefore, the covariate mean for studentsin grade 5 would betheir scorestwo years
earlier in grade 3. The adjusted mean is the focus of the ANCOVA analysis, the second DSTP
assessment. This is not the observed mean score (weighted mean) for the group; rather, it is a mean
score adjusted for students’ performance on the prior assessment. The ANCOV A provided two statistical
tests: one for the covariate (slope of the relationship between the prior assessment and the target
assessment is non zero) and one for the adjusted means (the hypothesis of interest). If the covariateis
found to be statistically significant, then the ANCOV A will allow a more powerful test of the adjusted
means, which is the second hypothesis considered in the model. Evaluation of the covariate should
always be considered and in all analyses was found to be statistically significant. Thus, the use of the
ANCOVA wasjustified in that there was a statistically significant relationship between the prior DSTP
assessment and the target DSTP assessment. In Table C:1 the F-value and associated p-value reported
correspond to the hypothesis of no difference between the adjusted (target) DSTP means (charter vsnon
charter). If the F-value islarge and the corresponding p-value small it is common practice to reject the
hypothesisof no differencein favor of the alternative hypothesis: there existsadifferencein the adjusted
DSTP means between charter and non charter schools.

The ANCOVA carriestwo important statistical assumptionswhich should be carefully examined
for valid interpretation. The first is the assumption of homogeneity of variance and the second is the
homogeneity of regression slopes. Of the 24 analyses presented in Table C:1, in only one analysis the
assumption of equal slopes was violated and in four analyses the equal variance assumption was
violated.

Theresultsin Table C:1 indicate that the charter school students performed better than matched
traditional public school studentsin the upper grades. Therewere small differences between the charter
school studentsand comparison studentsbetween grades3 and 5. Only two differenceswerestatistically
significant; one of these differencesfavored traditional public schools, and the other difference favored
charter schools. At grade 8, two of the four comparisons proved to have large differences that were
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TableC:1 Performance on DSTP for Charter School Students and Comparison
Students by Grade and Subject Area

Grade and Scaled Score on the DSTP Normal Curve Equivalent on the SAT-9
Subject Area Covariate Adjusted F-value P-value Covariate Adjusted F-value P-value
M ean M ean M ean M ean

Grade 5 Reading, Panel A

Charter school 442.3  483.2 58.6 57.8

Control group 446.8 483.4 0.02  0.8853 61.2 55.8 584 0.0158
Grade 5 Reading, Panel B

Charter school 4359 4825 57.2 56.0

Control goup 4395 4g1g O1f 06775 gg5 g5z 039 05309
Grade5 Math, Panel A

Charter school 435.2  471.2 61.1 63.2

Control group 435.3 4755 821 00043 62.9 61.7 2.28 0.1312
Grade5 Math, Panel B

Charter school 428.9  466.8 50.4 50.1

Control group 4319 4675 020 08530 515 gog 000 09540
Grade 8 Reading, Panel C

Charter school 484.7 532.8 58.5 64.3 %

Control group  479.9  530.5 18l 01787 58.9 61.4 661 00104
Grade 8 Reading, Panel D

Charter school 486.1 531.6 60.3 62.2

Control group 4780 5205 AL 02348 50 g9 009 07697
Grade8 Math, Panel C

Charter school 4746  513.0 N 64.2 64.3 *

Control group 468.5  508.2 7.56 0.0061 60.1 61.5 58 00157
Grade 8 Math, Panel D

Charter school  477.0  509.0 63.3 61.5

Control group 469.1 5112 0 02434 g5 gog 205 01527
Grade 10 Reading, Panel E

Charter school 550.2 5445 . 72.3 62.3 %

Control group 532.6  534.5 20.30 >.0001 638 547 3442 >.0001
Grade 10 Reading, Panel F

Charter school

5508 5400 3.29 0.0704 4.3 62.3 17.68 >.0001*

Control group 528.3 535.6 64.4 56.1
Grade 10 Math, Panel E

Charter school 539.5 564.1 . 74.6 69.4

Control group 5101 5562 10 0006 g5 g7z 176 01853
Grade 10 Math, Panel F

Charter school 534.7  563.1 . 75.2 68.8

Conrol growp_5057 5502 23 >0 go9  gao 804 00037

Notes. Comparison group is matched on gender, ethnicity, FRL, and Title | status.

Differences between the charter school students and comparison students are statistically significant
when the P-value is less than 0.05; these scores are highlighted in bold. When P-values are
underlined and bolded, this refers to an advantage to the noncharter school students.

P-values with an asterisk “*” refer to differences that remained statistically significant at least 80
percent of the time with repeated randomly selected comparison groups.
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statistically significant. These differences were for Panel C (not Panel D) and all of these differences
favored charter schools.

Thelargest differences between charter school studentsand matched studentsin traditional public
schools were at grade 10. Here three of the four comparisons showed that the differences were
statistically significant, and all these differences favored charter school students (Panel F Reading had
significant differences favoring charter schools on the SAT-9 items, but not on the overall DSTP). In
other words, the charter school studentsincluded in the panelswere gaining more on the DSTP between
grade 8 and grade 10 than traditional public school students. The differences that were significant at
grades 8 and 10 typically were larger and remained statistically significant even after we generated
additional randomly selected comparison groups. One serious limitation to keep in mind here is that
many students in the grade 8 to grade 10 panels did not actually enter a charter school until grade 9.
Also many students were dropped from this panel because they did not have agrade 8 DSTP score. This
is likely because they were enrolled in private schools or were coming from out of state.

Where differences were especially large and significant on the DSTP scaled score, the difference
on the NCE for the SAT-9 subset of itemswas also statistically significant. When the differences were
small but still statistically significant, it often happened that only the scaled score or only the NCE score
proved to be statistically significant.

The panelsthat included more recent years of data (i.e., Panels A, C, and E which ended in 2004)
showed more differences that favored charter schools than the more earlier panels (PanelsB, D, and F
which ended in 2003). This provides some tentative evidence that charter schools are improving over
time. However, thismay also be explained by the fact that the more recent panel sinclude more schools,
some of which have fewer years of operation. Over time, the Department of Education hasraised the bar
in terms of new applicants which may explain why more recently established charter schools help lift
the performance of Panels A, C, and E). The full technical report uses the same approach to examine
the performance of individual charter schools.

Creaming the best or serving the neediest? Thedatain Table C:1illustrate important information
about the types of students attracted to charter schools. While many charter schools establish curricular
profiles and marketing material s that make them most attractive to studentsfailing in traditional public
schools, some charter schools also have profiles and marketing practices that help them attract high
performing students. The covariate meansin the table represent the pretest scores of the students that
are matched by race, free and reduced lunch status, English Language Proficiency status, and Title |
status. When the covariate mean for the charter school group and control group is similar, this means
that the charter school has students who are performing similarly to their demographically matched
peers. When the charter school group has ahigher covariate mean than the control group, thisindicates
that the enrolled charter school students already have higher performance levels at the time of pretest.

A comparison of the covariate means at grade 4 illustrates that the charter school students and
demographically similar studentsin the control group have similar pretest performancelevels. At grade
8, the charter schools are clearly attracting and enrolling higher performing students. This difference
is further exacerbated in grade 10, where the charter school students have substantially higher pretest
scores than their demographically similar peers. These comparisons suggest that while the charter
schools on the whole are not “creaming” or attracting the best performing studentsin lower elementary
grades, they clearly are doing so in the lower and upper secondary levels.

Thedatain Table C:1 areaggregated acrossall the schools, which maskslarge differencesbetween
the schools, both in terms of the students they enroll and in terms of the growth in test scores they can
affect. As it turned out, the results varied considerably by school with a few of the larger schools
performing quite well and a number of the smaller schools with mixed or negative findings.
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