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. OVERVIEW

In this report, we describe the value-added mosdetiias part of the state of Oklahoma’s
Teacher and Leader Effectiveness Evaluation Sy§téis). We estimated measures of teacher
and school effectiveness based on instruction gealin the 2013-2014 school year.

The value-added model described in this repoiimda to the model described in the
technical report for value added from the 2012—28d®ol year (Walsh et al. 2014). The
Oklahoma State Department of Education (OSDE) hed't E Commission agreed to make
only minor changes in how value added was caladliz¢he 2013—2014 school year compared
to the previous year.

Teachers and administrators will receive value-dddeasures based on instruction
provided in the 2013-2014 school year in the spaimg summer of 2015. The 2014-2015
school year is the second of two pilot years foE'BLquantitative components. No stakes will be
attached to the value-added results during thé pddod. The full implementation of TLE will
begin in the 2015-2016 school year, incorporatialge~added results based on instruction
provided during the 2014-2015 school year. At timé, OSDE will combine the value-added
results with additional TLE components to produsmposite TLE ratings for teachers and
administrators. OSDE plans for the value-addedltetmaccount for 35 percent of eligible
teachers’ and administrators’ TLE ratings. OSDE twaducators to use the TLE ratings to
promote continuous improvement of instruction atudient achievement.

We worked closely with the TLE Commission and ke§{IE staff to design the value-
added model. The TLE Commission also sought adwiee educator work groups and a six-
member technical advisory board. The Oklahoma &ated of Education then made the final
decisions about the model’'s design based on theQafmission’s recommendations. For a
broader discussion of the decision-making procedskay decisions about the value-added
model, please refer to the technical report froem2012—2013 school year (Walsh et al. 2014).

In this chapter, we provide an overview of the eahlded model and describe value-added
methods in non-technical terms. In Chapter I, weadibe how we used test scores from the
2013-2014 school year and other information abeathers and students to estimate teacher
value-added results. In Chapter Ill, we providetdahnical details of the statistical methods
used to estimate value added, and in Chapter I\{Jegeribe how we translated value-added
results to the scale used in the TLE system andwewalculated value-added results for
schools and student subgroups. We include tabééstimmarize the population of students and
teachers on which the value-added estimates weetlbas well as the results from the statistical
model used to produce those estimates.

A. Using value added to measure teacher effectiveness

Value added is a measure of what teachers or slkoatribute to students’ academic
growth. The measure compares the achievementeaich¢r's students to an estimate of how the
same students would have achieved with an aveeaghér. The measure is known as value
added because it isolates a teacher’s contribéroon factors outside the teacher’s control.
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The basic approach of value-added models is to acero test score averages for each
teacher: (1) the average score the students actlathined with the teacher and (2) the average
estimated score the same students would have ebtaiith an average teacher. The difference
in these two average scores—how the students bBcpsaformed with a teacher versus how
they would have performed with the average Oklahteaaher—represents a teacher’s value
added to student achievement. Similarly, a scha@lise added measures how much the school
contributes to student achievement compared to amat/erage school contributes.

The estimated scores the students would have @otaith an average teacher—sometimes
referred to as predicted scores—are called tygimates in the TLE system. OSDE chose this
term because it highlights that the scores arenastd by looking at the typical achievement of
students’ most similar “peers” in the state—thosth wimilar previous scores on multiple
assessments and other background characteristitserRhan comparing a student’s
achievement only to a relatively small number afisihts with identical background
characteristics, we used a statistical techniqlleccenultiple regression, which simultaneously
estimates a relationship between each includedgoackd characteristic and achievement. For
each characteristic, this technique compares thieaament of students with the characteristic
to the achievement of all other students in theesiecause a student’s typical score is based on
these statewide relationships between backgrouarhcteristics and achievement, it represents
how the student would be predicted to perform \aithaverage Oklahoma teacher.

Because they compare actual and typical scoraseraded models enable any teacher to
be identified as a high performer, regardless efitaiseline achievement levels or background
characteristics of the teacher’s students. For @l@msuppose a grade 6 math teacher has a class
of students who, given their background charadtesisuch as poverty status, disability status,
and test scores on the grade 5 math, reading,crte tests (or pre-tests), typically end the
year with a score of 750 on the grade 6 math teqidst-test). The value-added model calculates
a relative measure of the teacher’s effectivengsmparing this class average typical score to
the class average actual post-test score. Inxaisple, if the average actual score is also 750,
the value-added model will identify the teacheaasverage performer because the typical and
actual scores are equal. If the post-test averaggeds this standard, the teacher will be
identified as above average; conversely, if theayeis lower than the standard, the teacher will
be considered below average.

B. The value-added models for Oklahoma

Although conceptually straightforward, value-addeslults are challenging to produce, as
they must accurately and fairly measure the perdmice of teachers and schools. This requires
(1) assembling an analysis file of data from migtgources and (2) designing a value-added
model that addresses Oklahoma'’s specific educatommaext. Here, we briefly describe the key
elements of the analysis file (described fully ima@ter Il) and then introduce the steps we used
to estimate value added for teachers and schaadsGhapters Il and IV for details).

We developed approaches to estimating value adasetlon two types of test scores from
the 2013-2014 school year: (1) Oklahoma Core Quitna Tests (OCCTS) in grades 4 through
8 in math and reading; and (2) End of InstructiB®[) assessments for students in grades 8 and
9 for algebra I, grades 9 through 11 for geomejrades 9 through 12 for algebra Il, and grade
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11 for English Ill. We refer to test scores frore 2013-2014 school year as post-test scores.
The value-added models also use selected testsstone the 2012—-2013 school year, which we
refer to as pre-test scores. The value-added mgatsa value-added result for each teacher on
every subject they taught.

Students were eligible to be in the model if thag la post-test score and a pre-test score in
the same content area from the previous gradesXanple, the analysis file for students with
grade 5 math post-test scores includes only thoskests who also have grade 4 math pre-test
scores. For a student with a grade 10 geometrytpssscore, the analysis file includes only
students with a grade 9 pre-test score for a suijghe math content area, such as algebra I. We
excluded grade repeaters so the typical scoreallfstudents in a grade were based on a pre-test
score from the previous grade in the previous y@amg so allows for meaningful comparisons
between teachers, although it does exclude sordersigifrom the value-added model. In
addition to pre- and post-test scores, we colledstd on other background characteristics of
students, such as limited English proficiency aadepty status.

We also measured the amount of instructional tiewh estudent spent with each teacher,
which we refer to as dosage. Dosage enables ssignateachers the appropriate amount of
credit for each student’s performance based ornfaestors: (1) how much of the school year the
student was in the teacher’s class and (2) how rioehthe student spent with the teacher while
enrolled. Some teachers participated in a pil@t afster verification process in which they
indicated whether and for how long they taughtdtuglents listed on their administrative rosters
during each month of the school year. For teachsparticipated in the pilot, we used these
data to create a dosage for each teacher-studientipaever, some teachers did not teach in
schools that participated in the pilot. For thessechers, we used school enrollment data to
allocate proportional credit based on the fractibtime the student spent at the teacher’s school.

Some students do not appear to be linked to a ¢edetause roster verification was not
implemented statewide and because the adminigtrdéta from OSDE that linked teachers to
students were limited. In these cases, we linkedtudent to a so-called catch-all teacher
category of unassigned students for the schodiesetstudents could be included in the value-
added models.

We took the following four steps to estimate thecteer value-added models. Each step
addressed a different conceptual challenge.

1. Estimating a multipleregression model. We used multiple regression, a statistical
technique that enabled us to simultaneously acdouiat group of background factors to
avoid holding teachers accountable for factorsidetsheir control. We accounted for a set
of student characteristics that could be relatgeetéormance on the OCCT or EOI post-
tests. These characteristics include pre-testseis@ame content area as the post-test, pre-
tests in other content areas, poverty status, gerabte or ethnicity, existence of an
individualized education plan, limited English lalage proficiency, transfers of students
between schools during the current (2013-2014)dgrear, and proportion of days the
student attended school during the previous (20023Rschool year. For OCCT post-test
scores in math and reading, we estimated modetsaey for each subject and grade. For
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the EOI post-test scores, we pooled eligible graselsestimated one model for each of the
four subjects.

We weighted each student’s contribution to a teaslseore by the proportion of time the
student was assigned to the teacher while the éeadds teaching that subject. We used the
Full Roster Method for teachers who shared studgfdsk and Isenberg 2012). In some
cases, a student was taught by one teacher foopiéwe year and another teacher for the
rest of the year. In other cases, two or more &achere jointly responsible for some of the
same students at the same time. Using the FuleRb&thod, teachers who shared students
received equal credit for the students’ achievemdr&n the amount of instructional time
was equal.

2. Accounting for measurement error in the pre-test. We used methods to account for the
fact that a student’s performance on a singleisesmh imperfect measure of ability. If we
had not used these methods, teachers could belyrifaid accountable for the initial
performance of their students, rather than beisgssed on the gains they produce in
student learning. Good or bad luck on the predastdampen the observed relationship
between pre- and post-test scores, compared véttruk relationship between student
achievement at the beginning and end of the ybae Wwere to use the observed
relationships without making any adjustments, teeslof students with low pre-test scores
might be held partly accountable for the perforneaoictheir students before they entered
their classrooms. To correct for this problem, wepensated for good or bad luck in pre-
test scores—also known as measurement error—byogmgla statistical technique that
uses data on the reliability of each OCCT and ESH provided by the test developers.

3. Comparing teachersacross grades. The OCCT tests are not designed to allow the
comparison of scores across grades. We therefacegkeachers on a common scale by
translating each teacher’s value-added estimateaimbetric of generalized OCCT points.
We based this translation on a three-stage proee#iust, before the multiple-regression
step, we translated student test scores into a asmmetric in which each student test score
is measured relative to other test scores witherstime year, grade, and subject. In doing
S0, we set the average student test score to z#énm wach year, grade, and subject. We
then used these scores to produce initial teackleesadded estimates. Second, we adjusted
these initial estimates so that the average teasteach grade and subject received the
same estimate. Third, we multiplied the resultiaineates by a grade-specific conversion
factor to ensure that the dispersion of the esematas similar by grade. For teachers with
students in more than one grade, we took a stusleigfated average of their grade-specific
value-added results.

Because the same EOI tests are given to studeyaediess of grade, we did not need to
apply the same grade-level adjustments to the Bikevadded estimates. Instead, we
accounted for grade as an additional student cteaistic in the multiple regression model.
Although not related to grade, we applied adjustemEOI test scores and initial value-
added estimates similar to those for the OCCT mddiglve translated student test scores
into a common metric in which each student testescomeasured relative to other test

! Although we mean-centered the student test seom@she other student characteristics in the regresthe initial
value-added estimates also have to be mean-certeaedount for differences in the weighting of &verage due
to different numbers of students contributing toteteacher’s estimate.
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scores within the same year and subject and (Bdjested these estimates so that the
average teacher in each subject received the sstimeate.

4. Accounting for imprecisely estimated measur es based on few students. Value-added
estimates can be misleading if they are based@feto students. Some students might
score well due to good luck rather than good kndggeof the material. For teachers with
many students, good and back luck affecting tegsbpaance tends to cancel out. However,
a teacher with few students can receive high onlalwe-added results due to luck. We
made two adjustments to reduce this risk: (1) ypemed estimates only for teachers with at
least 10 students and (2) we used a statisticahiqae called shrinkage that accounts for
the precision of the initial value-added estimatetmbining the adjusted value-added
estimate (from step 3) with the overall averageheavalue-added estimate to produce a
final value-added result (Morris 1983). Whereasmnitage adjusts estimates for teachers
with fewer students more toward the overall averéige adjustment is smaller for teachers

with many students. Thus, we relied more heavilyaprassumption of average effectiveness

for teachers with few students.

After estimating the teacher value-added modelsgstienated a school’s value-added result
by averaging the teacher value-added results &mhtrs in the school. Consequently, a school’s

value added reflects the combined contributiongsakachers compared to the contributions of
teachers at an average school. We gave teachérsnaie students more weight in the average
so that students who have the same dosage in line-added model contribute equally to the
school value-added resdlt.

2 Value-added results for the catch-all teachermaksigned students were included in the averagelfmols with
incomplete data linking teachers to students.
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Il. DATA

In this chapter, we review the data we used to gg¢aealue-added estimates of teacher and
school effectiveness. First, we discuss the Oklah@uore Curriculum Test (OCCT) and end-of-
instruction (EOI) assessment scores used in theexadlded model. We then discuss the data on
student background characteristics used in the mbuofally, we discuss how we calculated
teachers’ shares of instruction when different heas taught the same subject to the same
students.

A. OCCT and EOI test scores

The outcomes we analyzed were 2014 scores fro@@€Ts in math and reading and EOI
assessments in algebra I, geometry, algebra IIEagtish Ill. We refer to test scores from the
2013-2014 school year as post-test scores. The-aaded model also uses selected test scores
from the 2012-2013 school year, referred to aggsescores. To be included in the value-added
model, students’ test score records had to metineronditions based on when they were
tested and whether we had a record of where theg ar@olled in school. The first set of
conditions varies by test type:

» Students enrolled in grades 4 through 8 durin@018-2014 school year were eligible to
be included if they had an OCCT math or reading-pest score.

» Students with EOI scores in algebra |, geometgelada Il, or English Il from the 2013—
2014 school year were eligible to be included &ythvere in a grade in which that subject
area is typically taught. These grades were 8 dod &gebra I, 9 through 11 for geometry,
9 through 12 for algebra II, and 11 for English IlI

The first two columns of Table Il.1 summarize tlesiptest subjects and grades included in the
value-added model.

We excluded test scores from the Oklahoma Mod#ikdrnate Assessment Program
(OMAAP) and OAAP assessments. We then excludedstadvith post-tests from the analysis
file if they met any of five conditions.

1. First, we excluded students who had conflictingtytest score records for the same test type
and subject, or who had scores that were not ivdhéd range for the test type and subject.

2. Second, we required that students were not retdkiig EOI post-test; we excluded a
student’s post-test score for a subject if theestithad an EOI score from the 2012—-2013
school year for the same subjéct.

3 Although we excluded students who were retakipgst-test they took the year before, we did notusbe
students who took the same test twice during theesschool year. When a student took the same ESitpst
twice during the 2013-2014 school year, we inclutthedpost-test score from the earlier test sodhgtost-test
scores in the value-added models reflect the sdmyasthe first time students take a test in ascibfin the same or
a different school year). When a student took #maesEOI pre-test twice during the 2012—2013 scipeat, or took
the same test in the year before, we included teegst score from the later test so that all pst-$cores in the
value-added models reflect the most recent meaduraseline achievement in a subject.
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3. Third, we excluded students who repeated or skigpgédde between the 2012-2013 and
2013-2014 school years, as they lacked pre- artek@sisscores in consecutive grades and
years.

4. Fourth, we required that students have a pre-tesesn the same content area. For the
OCCT post-tests, we required that students hawegtescores in the same subject (math or
reading). For EOI post-tests in algebra |, geometng algebra I, the pre-test scores must
be another score in the math content area, whidhdes algebra |, geometry, algebra I,
and OCCT math. For EOI post-tests in English Hg pre-test scores must be another score
in the reading/English language arts (ELA) contefy, which includes English 1l and
OCCT reading. The third column of Table 1.1 lighe possible same-content pre-tests for
each post-test subject.

5. Finally, we excluded students from the analysesifithey were not linked to a teacher
eligible to be in the value-added model. To beilelieg a teacher had to teach at least five
students in his or her grade for an OCCT subjeccooss eligible grades for an EOI
subject. We do not estimate a value-added measutedchers with so few students.

Some students were not linked to any teacher ubpest. An unassigned student that was
not excluded for any of the five reasons abovestéirbe linked to a so-called catch-all teacher
category for the student’s school. A catch-all keacstands in for the set of teachers in a school
with missing or incomplete links to students in tla¢a we received from OSDE. In doing so, we
included an unassigned student in the value-adamtehif the student’s catch-all teacher meets
the same five-student eligibility requirement forQCCT or EOI subject.

Table 11.1. Value-added model test subjects and grades

OCCT math 4 through 8 OCCT math
OCCT reading 4 through 8 OCCT reading
Algebra | EOI 8and9 OCCT math
Geometry EOI 9 through 11 OCCT math, algebra I, algebra Il
Algebra Il EOI 9 through 12 Algebra |, geometry
English 11l EOI 11 English Il
Note: For a post-test score to be included in the value-added model, the student must have a pre-test score from

the same content area in the previous grade.

After applying these rules, we reported estimatdg for teachers who taught 10 or more
students over the course of the 2013-2014 schaoligat least one subject in any grade. Only
students who were linked to a teacher who metitleestudent threshold and were included in
the analysis file counted towards this 10-studenimum. For example, we would report an
estimate in reading for a teacher who claimed setahents in reading in grade 4 and six
students in grade 5. For a teacher who claimedstigents in reading in grade 4 and four

4 We included a catch-all teacher for each gradesohool with unassigned students in the valuechdumels for
OCCT math and reading, and a single catch-all &vatttat captured unassigned students in any grea@lec¢hool in
the value-added models for EOI subjects.
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students in grade 5, however, the grade 5 stuaenikl not be linked to the teacher, as they
would not meet the five-student minimum in thatdgréevel. Because such a teacher would be
linked to only nine students across all gradesywveld not report a value-added estimate in
reading for this teacher.

Table 11.2 shows the total number of students winalat have been included in the analyses,
the reasons why excluded students were removedhartdtal number of students whose test
results were used in the models after the exclgsian been made. The second through fifth
columns show the totals for students in OCCT mathraading, and the last two columns show
the totals for all four EOI subjects combined. Ty row shows the total number of students
with post-test scores. As shown in the bottom rbthe table, 85.0 percent of students with test
scores from 2013—-2014 were included in the anafifsifor OCCT math, 85.6 percent for
reading, and 69.0 percent for EOI subjects. Thetmm®mon reason students were excluded
was for missing a pre-test score from the sameecbatrea as the post-test.

The pre-test subjects associated with each EO}tpessubject vary because not all students
take the EOI test in a subject in the same grattkpacause there is no set order in which
students must take the courses associated witieskee We show the distribution of eligible pre-
tests for each EOI post-test in Table 11.3. Fomepke, 74.3 percent of students with algebra |
post-test scores in the analysis file have gra@€&T math pre-tests, and 25.7 percent have
grade 7 OCCT math pre-tests. These percentageosldd percent because we required that all
students in the analysis file have a pre-test sicotiee same content areén contrast, only 98.1
percent of students with an algebra | post-testesbave a pre-test score in the reading/ELA
content area because we do not require that algstudents have a reading/ELA pre-test.

The OCCT and EOI scores ranged from 400 to 999.d¥ew OCCT scores on these scales
are not designed to be meaningfully compared betwesdes, years, and subjects, nor can EOI
scores be compared meaningfully between yearsujdcis. To compare OCCT test scores
across grades within each subject and year, weftraned the test scores in a two-part process.
First, we subtracted the mean score and dividetidgtandard deviation for each grade, subject,
and year to obtain ascore® This step enabled us to translate the math amtingaontent
scores in every grade into a common metric. Seovadreated a measure with a range
resembling the original test score scale by mulitig eache-score by a common factor across
all grades within each subject and year. The comfactor was equal to the square root of the
average variance across all grades for each subj€elcyear. For EOI scores, we subtracted the
mean score for each subject, and year, but didheotge the standard deviation.

5 For students with scores from two or more différ@ath assessments from the 2012-2013 schoolwear,
included only the score on the higher-level assessnwe considered OCCT assessments as lower than E
assessments. Algebra Il is the highest-level EGéssment, and geometry is higher than algebra leX@ample,

only algebra | scores were used as pre-testsddests who took both the grade 8 math and algeksadssments in
2012-2013.

6 Subtracting the mean score for each subject aadkgrreates a score with a mean of zero in alest#grade
combinations.




MEASURING TEACHER AND SCHOOL VALUE ADDED IN OKLAHOMA MATHEMATICA POLICY RESEARCH

Table 11.2. Reasons that students tested in 2014 were excluded from the
analysis files

OCCT math OCCT reading EOI subjects

Number Percentage Number Percentage Number Percentage

Students with post-test scores 229,064 100.0 239,519 100.0 168,818 100.0
(1) Conflicting post-test scores 57 0.0 59 0.0 1,320 0.8

(2) Score in same subject as EOI

post-test from previous year 0 0.0 0 0.0 15,235 9.0
(3) Skipped or repeated a grade 1,604 0.7 1,629 0.7 2,888 1.7
(4) Missing pre-test score from 29,002 12.7 30,640 12.8 30,360 18.0
same content area
(5) Not linked to an eligible 3,609 16 2,247 0.9 2,478 15
teacher
Total excluded 34,272 15.0 34,575 14.4 52,281 31.0
Total included 194,792 85.0 204,944 85.6 116,537 69.0

Source: OSDE administrative data.

Notes:  The table does not include 7,936 student-subject combinations with OMAAP or OAAP scores from 2014,
but no OCCT or EOI tests. The table includes only students in eligible grades for a post-test subject.

Students are excluded sequentially in the order presented and so do not count for more than one reason in
this table.

The columns for math and reading include students in grades 4 through 8. The EOI subjects are algebra |,
geometry, algebra Il, and English 111

For OCCT math, algebra |, geometry, or algebra I, the same-content pre-test score is another mathematics
assessment. For OCCT reading or English Ill, the same-content pre-test score is another reading/ELA
assessment.

For OCCT subjects, teachers must be linked to at least five eligible students in a single grade level to be
considered eligible to be included in the value-added model. For EOI subjects, teachers must be linked to
at least five eligible students in any grade to be considered eligible. We then reported estimates in a subject
only for teachers who taught 10 or more students in any grade. The table counts students linked to
teachers who do not meet the 5-student threshold as excluded for not being linked to an eligible teacher.
Because we estimated (but did not report) value-added results for teachers who did not meet the
10-student threshold, the table counts students linked to those teachers as included in the analysis files.
Post-tested students not linked to any teacher in a subject are linked to catch-all teachers of unassigned

students for the school-grade combination. These catch-all teachers are considered eligible teachers if they
are linked to at least five eligible students.
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Table 11.3. Pre-test subjects of students by EOIl post-test subject

Post-test subject

Algebra | Geometry Algebra Il English 111
Pre-test subject Number Percentage Number Percentage Number Percentage Number Percentage
Math
Grade 7 OCCT 8,363 25.7 0 0.0 0 0.0 0 0.0
Grade 8 OCCT 24,118 74.3 311 1.0 0 0.0 0 0.0
Algebra | 0 0.0 28,253 91.2 3,874 14.9 2,801 104
Geometry 0 0.0 0 0.0 22,209 85.1 15,420 57.1
Algebra Il 0 0.0 2,399 7.7 0 0.0 6,979 25.8
No math pre-test 0 0.0 0 0.0 0 0.0 1,810 6.7
Total 32,481 100.0 30,963 100.0 26,083 100.0 27,010 100.0
Reading/ELA
Grade 7 OCCT 8,337 25.7 0 0.0 0 0.0 0 0.0
Grade 8 OCCT 23,534 72.5 7,167 23.1 0 0.0 0 0.0
English Il 0 0.0 3,876 12.5 14,151 54.3 27,010 100.0
No reading/ELA pre-test 610 1.9 19,920 64.3 11,932 45.7 0 0.0
Total 32,481 100.0 30,963 100.0 26,083 100.0 27,010 100.0
Science
Grade 8 OCCT 23,911 73.6 7,193 23.2 0 0.0 0 0.0
Biology | 0 0.0 9,222 29.8 12,900 49.5 14,969 55.4
No science pre-test 8,570 26.4 14,548 47.0 13,183 50.5 12,041 44.6
Total 32,481 100.0 30,963 100.0 26,083 100.0 27,010 100.0

Source: OSDE administrative data.
Notes:  All percentages are based on the total count for the post-test subject.

To be included in the model, students are required to have a pre-test score in the same content area as the post-test. For OCCT math, algebra |,
geometry, or algebra Il, the same-content pre-test score is another mathematics assessment. For OCCT reading or English Ill, the same-content pre-
test score is another reading/ELA assessment. Students are not required to have pre-tests in other content areas.
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B. Student background characteristics

We used the data provided by OSDE to construcakibas used as controls for student
background characteristics in the value-added mddhe value-added model accounts for the
following:

* Prior achievement in the same content area asobtetgst

» Prior achievement in other content areas (includmagh, reading/ELA, and science, when
available)

* Poverty status

» Gender

* Racel/ethnicity

» Existence of an individualized education plan (IEP)

» Limited English language proficiency

» Transfers of students across schools during th8-2fi14 school year

* Proportion of days the student attended schoohduhie 2012—-2013 school year

Attendance is a measure of student motivation. ¥éel student attendance the year
before—rather than the current year—to avoid comdling student attendance with current-year
teacher effectiveness; that is, a good teachertrbglexpected to motivate students to attend
school more regularly than a weaker teacher wallié. proportion of the days a student
attended school is a continuous variable that ctaride from zero to one. Because some
districts did not provide OSDE with student-leviteadance records from the 2012—-2013 school
year, we used the typical attendance rate fronstilngent’s school and grade in place of the
student’s individual attendance rate for 44.5 paro¢ students in the analysis files.

Aside from attendance and pre-test variables, ttiaest background variables are binary,
taking a value of zero or one. In the OCCT valudeatdmodel we accounted for the existence of
an IEP and limited English proficiency separatelydtudents with and without accommodations
on the post-test assessment. In the EOI modelowaieg students with IEPs and students with
limited English proficiency into single categori@scause too few students received
accommodations to include these students in sepeatd¢gories. Table 1.4 shows the
characteristics of students in the OCCT and EOlyarsfiles.

We imputed data for students who were includedhénanalysis file, but had missing values
for one or more student characteristics. Our imgrtaapproach used the values of non-missing
student characteristics to predict the value ofntiiesing characteristic. Less than 3 percent of
students in the value-added analysis files hadchayacteristic imputed. Most imputed values
were for missing pre-test scores in different cohgaeas from the OCCT post-tést/e did not
generate imputed values for the same-content gtertgher, we dropped from the analysis file

7 In addition to imputing values for some of the idtderistics included in Table 11.4, we also getestamputed
values of attendance during the 2012-2013 schaulfpe less than 1 percent of students.

12
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any students with missing same-content pre-tesescé&inally, we did not impute any missing
pre-test scores for students in the EOI analylgs fi

Table 11.4. Characteristics of students from the 2013-2014 school year

OCCT math OCCT reading EOI subjects
(] (] (]
o o (-}
[ [l (o]
A A A
c c c
[ [ [
o o o
13 13 13
S [ [ [}
Characteristic -8 (-8 a
Included in the value-added model 194,792 100.0 204,944 100.0 116,537 100.0
Eligible for free lunch 95,883 49.2 97,927 47.8 41,944 36.0
Eligible for reduced-price lunch 17,973 9.2 18,763 9.2 10,179 8.7
Female 97,279 49.9 103,015 50.3 60,049 51.5
African American 22,622 11.6 23,470 115 12,196 10.5
Hispanic 29,433 15.1 30,129 14.7 14,485 124
American Indian 45,381 23.3 47,159 23.0 25,887 22.2
Asian/Pacific Islander 5,458 2.8 6,118 3.0 3,392 2.9
Caucasian/other 138,284 71.0 145,935 71.2 83,506 71.7
Individualized education plan with
accommodations 9,534 4.9 10,413 5.1 n.a
Ind|V|duaI|zeq education plan without 12,066 6.2 10,173 5.0 na
accommodations
Limited Engll_sh proficiency with 6.867 35 7272 35 na
accommodations
Limited Engll_sh proficiency without 2.974 15 2.017 10 na
accommodations

Individualized education plan with or

without accommodations n-a n.a 6,757 58
Limited Engl|§h proficiency with or without na na 2345 20
accommodations

;I/'ézr:sferred schools during the school 12744 6.5 13.074 6.4 4,962 43

Source: OSDE administrative data.
Notes:  All percentages are based on the counts in the top row.

Because relatively few students had test accommodations on EOI post-tests, students with and without
accommodations were pooled when accounting for individual education plans and limited English
proficiency for EOI subjects.

For all student characteristics in this table, less than 1 percent of students have missing data.
n.a. = not applicable

C. Dosage for teacher-student links

Some students were taught by more than one teaattes; because they moved between
schools or were taught by multiple teachers instimae school. We refer to the fraction of the
time a student was taught by a given teacher ubgect as the dosage. In this section, we
describe how we calculated dosage for the valueddubdel.

13
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1. Roster verification

In the 2012—-2013 school year, OSDE implementediod quister verification program in
selected schools, which was expanded to additestadols in the 2013—2014 school y&ar.
Roster verification is a process by which recordeachers’ monthly shares of instruction for
each student and course are submitted and eith@eser corrected by teachers and school
administrators. For example, consider a studentspemds 2.5 days per week in teacher A’s
classroom learning math and 2.5 days per weelachtr B’s classroom learning math. This
student would be recorded as having spent 50 peofemath instructional time with teacher A
for that month. Likewise, the same student woust d&le recorded as having spent 50 percent of
math instructional time with teacher B for that rttorin recording their share of instructional
time with a student, teachers rounded to the nequester. Thus, 0, 25, 50, 75, and 100 percent
were the possible responses. After these sharesregorted, they were verified or corrected by
those teachers and school administrators. Therrostiication process differed slightly in the
Tulsa public schools, where teachers rounded to¢laeest 10 percent. Roster verification was
not implemented statewide and was not always faljlemented in the pilot schools.

2. Dosage

Teacher dosage measures the proportion of instnadttime a teacher spent with a student
during the school year. We excluded instructiomaktafter the post-tests from the calculation of
dosage. For example, because the spring testirdpwispans April to early May, we excluded
instructional time in May or later from the caldita of dosage. Similarly, we excluded
instructional time in January or later for studenmt® took an EOI post-test during the winter
testing window in DecembéfTo calculate teacher dosage for a teacher-stilidknive used a
three-step process: (1) we determined the amounstfictional time in each month of the
school year, (2) we summed the monthly dosages(3nde divided by the number of months
to obtain dosage as a percentage of the schootlyeargh April (or December for post-tests
taken in the winter testing window).

So that solo-taught and co-taught students cortéribqually to teachers’ value-added
estimates, we assigned each teacher full credihéoshared students when two or more teachers
claimed the same students at 100 percent duringaime term. In doing so, we summed monthly
dosages for a teacher-student combination whesttitent was linked to the teacher in multiple
courses in the same subject. Thus a teacher-stlidleisbuld have a dosage that exceeds 100
percent. For example, a teacher who claimed the sandent in roster confirmation for two full-
year courses, and assigned 100 percent instruttior&ain every month for both courses would
have a combined dosage of 200 percent for thaestud

8 The full rollout of roster verification for Oklahnea is planned for the 2014-2015 school year.

% We calculate dosage the same way for all studentstake the test during the same testing windovabse we
know only the season of the testing window and alcknow the exact date individual students wertetedn
addition to the winter and spring testing windosmme Oklahoma students take the EOI assessmeattiomester
schedule. These students take the test in lateafdaouearly February. We calculate dosage foresitgitaking an
EOI test during this window the same as for stusléaiking a test during the winter window becauseamot
distinguish between tests taken during these tatintg windows.

14
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Although we obtained monthly dosage from the resegified records when possible, roster
verification was not implemented statewide. Focheas without verified roster data, we
assumed that the monthly dosage for a teacher+stlidke was equal to the proportion of
instructional days the student was officially etedlin the school based on administrative data
from OSDE. These data contained dates of schobbvatval and admission.

For dosage based on both roster-verified and adtrative teacher-student links, we
assume that learning accumulated at a constanamdtetherefore, treat days spent at one school
as interchangeable with days spent at anothereXamnple, if a student split time equally
between two schools, we set the dosage of eaclolstthb0 percent, regardless of which school
the student attended first.

3. Catch-all teachers

Some students appear to not be linked to a mataoing/ELA teacher because roster
verification was not implemented statewide and bseaf limitations in the administrative data
provided by OSDE that linked teachers to studdtis.example, some students with post-test
scores in the analysis file were not linked toacker in the post-test’s subject. All such students
were assigned a placeholder teacher for each subjetich they had no roster record linking
them to a teacher. We created a so-called catdkaaher in OCCT subjects for each school-
grade combination that had unlinked post-testediestis. We did the same in EOI subjects for
each school that had unlinked post-tested stud€atsher dosages were assigned to catch-all
teachers in the same manner as teachers with iadewster records. Across all grades and
subjects, 5.6 percent of teacher-student linkscacatch-all teachers of unassigned students.
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IIl. ESTIMATING TEACHER VALUE ADDED

In this chapter, we describe the technical detdithe teacher value-added model. Our
approach is to obtain initial estimates of teadféctiveness from linear regressions. We then
obtain final value-added results by applying twguatinents to the initial estimates to account
for differences across grades and different numbiestudents per teacher. We organize the
discussion into four topics: (1) the estimationaopns, (2) how we address measurement error
in the pre-tests in the regressions, (3) how wegdize estimates to be comparable across
grades, and (4) how we account for the numberuafestts per teacher.

A. Estimation equations

We developed two linear regression approachesitoas school and teacher effectiveness
measures, based on whether the post-test scorgomathe OCCT or EOI. For the OCCT
approach, we estimated regression models sepafatedgch grade and subject combination.
This approach covered grades 4 through 8 and thjeds reading and math. For the EOI
approach, we estimated the regression models selydi@ each subject only. The subjects
were algebra I, geometry, algebra Il, and English-br these EOI subjects, we pooled the
regression models by subject across grades betteiassessment for a given subject is the
same in any grade that it is taken. For EOI subjebte grades were 8 and 9 for algebra I,

9 through 11 for geometry, 9 through 12 for algdhrand 11 for English Ill. We excluded
grades other than these for EOI subjects becandewostudents had post-tests.

For both the OCCT and EOI approaches, the posttese depends on pre-test scores,
student background characteristics, the studesdishter, and unmeasured factors. For a given
teachet and studentin gradeg, the regression equation for the OCCT approach is:

(1) tig _AlMg M +A1RgR 1Sg§g ] +B13( +619 1t|g 1t|g’

and the regression equation for the EOI approach is

(2) Yig = Pi(g—l) +y,Ci(g—1) TGy +TA +BX +8,T, + 6y,
In both equationsyiyg is the post-test score. The regressions are paraely by post-test
subject, so we drop a subject subscript for eas@tattion. In the OCCT equatioMljg-1) is the
math pre-test for studenfrom the previous gradg 1, andRg-1) is the reading pre-test from the
previous grade. For students in grade 6, we aldadeSg-1), the science pre-test taken in the
previous grade.

In the EOI equation, the vectBrgy-1) denotes variables for pre-test scores in eacheof t
included subijects in the previous grade. Unlike@@&CT approach, in the EOI approach not all
students with a post-test in a given subject havees from the same pre-tests. For example, the
regression for the geometry post-test included ineetest variables—grade 8 math, algebra I,
algebra II, English II, and biology. Because alid&nts included in the EOI models were
required to have a pre-test score on a same-coedeassment, students included in the
regression for the geometry post-test have a test®re in one of grade 8 math, algebra I, or
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algebra Il. Some students in the geometry regressiditionally have pre-test scores in English
Il and/or biology, but these were not requireddtistudents. To account for different pre-test
subjects, the EOI equation includes binary varabi€ig.1) that indicate whether a student had
a pre-test in each subject. The ve€@qy-1) also includes variables that indicate whetherpitee

test was the second time a student had takenghatthe subject. For example, a student who
took algebra | in 2011-2012, algebra | again in22D13 (the pre-test), and geometry in 2013—
2014 (the post-test) would be indicatedCify-1) as having taken algebra | as a pre-test and as
having taken algebra | a second time. We exclutletests who were retaking a post-test they
took the year before.

The pre-test scores in both equations capture pnats into student achievement; we
estimated the associated coefficienfSmy, A1rg 11sg—and the vectokz, using a procedure that
corrects for measurement error in these pre-tesescThe subscripts 1 and 2 distinguish the
OCCT model coefficients from the EOI model coeffrus.

The vectorX; denotes the control variables for student backgtatharacteristics. For the
OCCT approach, we allowed these coefficients ty bgrgrade, represented in equation 1 by the
g subscript on the vect@¥g. Because there are some grade and subject combsé&ir EOI
post-test scores with very few students, we didatiotv the coefficients to vary by grade for the
EOI approach. Doing so leads to more precise aoeffii estimates ifi and could lead to more
precise value-added results.

The vectorsT 11ig andT 2 consist of binary variables for each teacher. Beeahe OCCT
approach is estimated separately by grade, a teatizetaught multiple grades had variables in
each grade regression model. For example, a teattetaught math in grades 4 and 5 had one
variable inT 144 for the grade 4 regression and ond igs for the grade 5 regression. The EOI
approach is not grade-specific, so a teacher winghtanultiple grades had only one variable in
Toi. Each teacher-student observation has one noerent inT 1ig and/orT 2. The
coefficient vector$: andé. contain the initial estimates of teacher effecir®s. Rather than
dropping one element Gfig or T2t from the regression, we estimated the regressimotets
without constant terms. The vectdrsig and T2 also include binary variables for the catch-all
teachers of unassigned students. We also meanreenite control variables so that each
element o®b1g andd. represents a teacher-specific intercept term &iudent with average
characteristics.

We also accounted for factors beyond a teacherig@ahat might drive cross-grade
differences in value added. For the EOI approaehineluded binary variables for each grade in
the vectoiGg. We excluded the indicator for the highest inciideade for each subject. These
variables account for the possibility that a studeschievement in a subject could be related to
their grade level. This approach avoids penalizgaghers for teaching in grades with lower-
ability students. Because we estimated the OCCTehs®parately by grade, the approach does
not include grade variables. However, we adjustegossible differences across grades in the
average and variability of value-added estimatsmguthe approach described in Section 111.C.

Finally, to account for any differences in achieestthat may be related to the timing of
EOI tests, we also included the vectowith indicators for the season the student toekpbst-
test (winter, spring, or summer).
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Table II.1 shows the coefficient estimates anadsad errors of the control variables in the
model by subject and grade span. The top panelshboaverage association between the pre-
tests and achievement on the post-tests (measupairits on the test), accounting for all other
variables in the regression. The bottom panel slibevassociation between each student
characteristic and post-test scores.

To account for team teaching, we used the Full&ddethod (Hock and Isenberg 2012). In
this approach, each student contributed one obsenv® the model for each teacher to whom
he or she was linked. Thus, the unit of observatiadhe analysis file is a teacher-student
combination. This method of accounting for teanciag is based on the assumption that
teachers who contribute equally to student achievewithin each team receive equal credit.

Because some students contributed multiple obsenstwe estimated the coefficients by
using weighted least squares (WLS) rather thamargileast squared (OLS). We weighted each
record based on the dosage associated with thiegiesttident combination. In this model, the
error terms are correlated, because individualesttedhave multiple records, and
heteroskedastic, due to differences across studehtsv well the model can predict post-test
scores based on the background characteristiagdiedlin the regressions. Therefore, we used a
cluster-robust sandwich variance estimator (Liamg) Zeger 1986; Arellano 1987) to produce
consistent standard errors in the presence ofdsiedasticity and correlation in the regression
error term.

The regression models yield initial estimates atteer effectiveness for each grade and
subject for the OCCT approach and for each subjdatie EOI approach. For the OCCT
approach, we included teachers in the regressiatehumly if they had at least five students in
that grade and subject combination. For the EOtaaah, we calculated initial estimates for
teachers with at least five students across gjitdé grades. We used the initial estimates in the
subsequent step to generalize across grades, ghéacaempirical Bayes (EB) shrinkage to the
generalized estimates. As a final step, we remavgdeachers with fewer than 10 students
across all eligible grades.
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How to Interpret Table Ill.1

Table IIl.1 displays the regression coefficients from the value-added model. These coefficients describe the
relationships between the characteristics of Oklahoma students and achievement on the post-test. The coefficients
give the amount of the increase (or decrease if the coefficient is negative) in the typical achievement of students
when a characteristic increases by one unit. For example, the coefficient of 0.66 in the first row of the second column
of the table indicates that an increase by one OCCT point on a student’s pre-test score is associated with a typical
increase of 0.66 points on the OCCT math post-test. Similarly, the coefficient on the fraction of the prior year a
student attended school indicates that the typical score for a student who attended 100 percent of the prior year is
42 points higher than the typical score for a student who instead had attended for none of the prior year. More than
99.5 percent of students attended 80 percent or more of the year before, so the usual contribution of previous
attendance to students’ typical scores is much smaller than this change of 42 points might suggest; the change in
typical scores associated with a change in attendance from 80 to 100 percent is 8.4 OCCT points.

For characteristics that are yes/no indicators, the coefficient gives the increase in the typical score for a student
who has that characteristic relative to an otherwise similar student who does not. For example, the typical score for
students in grades 4 through 8 math who transferred between schools during the school year is 7.16 points lower
than for students who did not transfer. The other binary indicators are in groups of related indicators. For example,
the coefficients on the two indicators of student poverty status measure the difference in the typical score of a student
with that status (for example, students eligible for reduced-price lunch) relative to a student who is eligible for free
lunch.

Each regression coefficient describes a relationship after accounting for all other characteristics included in the
model. Accordingly, the coefficient on a characteristic gives the change in typical achievement when the
characteristic is changed from no to yes or increased by one point, assuming that all of the students’ other
characteristics remain the same. Consequently, coefficients may not reflect the relationship we would observe had
the other characteristics not been accounted for in the value-added model. This feature of multiple regression
coefficients can produce counterintuitive relationships between characteristics and achievement if the contributions
of one characteristic are accounted for largely by another characteristic in the model. For example, coefficients on
limited English proficiency status would likely be consistently negative and greater in magnitude if the model did not
also account for students’ pre-test scores, because students with limited English proficiency tend to have lower pre-
test scores.

The magnitude of the coefficients can be compared to the typical range of student achievement on an OCCT
or EOI test. The standard deviation of student achievement on the grade 4 math post-test was 90.9 OCCT points,
indicating that about two-thirds of students scored within 90.9 points above or below the average score on the
assessment. The standard deviations for other grades ranged from 71.9 to 90.3 points in grades 4 through 8 math,
from 68.2 to 54.8 points in grades 4 through 8 reading, and from 50.2 to 70.1 points in the four EOI subjects.

The number in parentheses below each coefficient is the standard error of the coefficient—a measure of
precision. A more precise coefficient indicates with more certainty that a coefficient reflects the actual relationship
between the characteristic and achievement. Coefficients with smaller standard errors are more precise. The
coefficients on the pre-tests are more precise than those on individual background characteristics. Roughly, a
coefficient that is at least twice as large as its standard error is said to be statistically significant, meaning that it is
likely that the direction of the relationship—whether positive or negative—reflects the actual relationship between
the characteristic and achievement and is unlikely to be produced by chance.
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Table 111.1. Coefficients on covariates in the value-added models, by post-test
subject

OCCT

Variable Reading Algebra | Geometry Algebrall English Ill

Pre-test scores (average coefficients)

Math 0.66 0.15 0.40 0.76 0.59 0.06
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Reading/ELA 0.15 0.65 0.06 0.05 0.04 0.62
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Science 0.15 0.31 0.11 0.15 0.10 0.07
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Individual student background characteristics (average coefficients)

Ineligible for free or reduced-price 4.35 5.26 1.06 1.87 -0.17 1.75
lunch (0.64) (0.62) (0.45) (0.56) (0.70) (0.52)
Eligible for reduced-price lunch 1.52 2.22 0.22 1.67 0.57 0.24
(0.95) (0.90) (0.68) (0.89) (1.10) (0.85)
Female 1.39 5.85 5.25 -3.00 4.95 1.80
(0.52) (0.50) (0.38) (0.47) (0.56) (0.43)
African American -3.06 -1.20 -0.16 -5.30 1.84 -1.76
1.22) (1.18) (0.94) (1.22) (1.44) (1.14)
Hispanic 0.83 -0.87 2.02 -1.92 2.65 0.61
(0.90) (0.85) (0.64) (0.84) (1.03) (0.75)
American Indian -1.24 0.25 -1.64 -0.62 -0.60 -1.26
(0.99) (0.96) (0.74) (0.96) (1.12) (0.91)
Asian/Pacific Islander 12.66 3.78 9.26 5.20 9.21 1.62
(1.87) (1.70) (1.37) (1.75) (1.83) (1.56)
Caucasian/other 0.19 1.62 -2.07 1.47 111 -0.03
(1.04) (1.01) (0.80) (1.02) (1.21) (0.95)
Individual education plan with -4.02 -3.81 n.a. na. n.a. n.a.
accommodations (1.38) (1.21)
Individual education plan without -5.55 -11.80 n.a. n.a. n.a. n.a.
accommodations (1.39) (1.43)
Limited English proficiency with -0.73 -4.75 n.a. na. n.a. n.a.
accommodations (1.81) (1.60)
Limited English proficiency without -2.08 -7.60 n.a. na. n.a. n.a.
accommodations (3.10) (3.51)
Individual education plan with or n.a. n.a. -2.17 -11.42 -8.96 -4.23
without accommodations (0.96) (1.41) (1.69) (1.18)
Limited English proficiency with or na. n.a. 2.90 -0.73 6.97 2.22
without accommodations (1.50) (2.27) (3.17) (2.59)
Transferred schools during the -7.16 -4.79 -6.17 -7.95 -14.27 -2.98
school year (1.26) (1.18) (0.99) (1.41) (2.31) (1.21)
Fraction of the prior year student 0.42 -0.21 0.35 0.40 0.67 0.02
attended school (0.10) (0.10) (0.07) (0.09) (0.11) (0.07)
Source: Mathematica calculations based on OSDE administrative data.
Notes: Standard errors are in parentheses.

For OCCT post-tests, the reported coefficient estimates represent weighted averages of the coefficients estimated separately for each
grade, where the weights are the number of student equivalents in the grade. Additionally, for EOI post-tests, the reported coefficient
estimates of pre-test scores represent weighted averages of the coefficients estimated separately for each pre-test subject in the content
area, where the weights are the number of student equivalents with a pre-test score in a given subject. The associated standard errors
similarly represent weighted averages across grades or subjects. These numbers are presented for descriptive purposes only and should
not be used to conduct rigorous statistical tests.

The math pre-test score for students in the OCCT math value-added model is the OCCT math assessment from the previous grade. The
math pre-test score for students in the EOI models is another math OCCT or EOI assessment from the previous grade. Similarly,
reading/ELA pre-test scores are OCCT reading or English Il scores from the previous grade. OCCT science pre-test scores are included
for students in grades 6 and 9, and EOI biology pre-test scores are included for students who took the test in the previous grade.

Coefficients on the poverty status variables are relative to students eligible for free lunch—the excluded category. Students can be
indicated in multiple race/ethnicity categories, so the coefficients on the variables are relative to students who are not in the specific
race/ethnicity category.

n.a. = not applicable.
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B. Measurement error in the pre-tests

We corrected for measurement error in the pre-testssing data on test reliability. As a
measure of true student ability, student achievenssts contain measurement error. This error
causes standard models to produce biased estiofatescher effectiveness. To address this
issue, we implemented an errors-in-variables came¢Buonaccorsi 2010). Using information
about the reliability of the OCCT and EOI testsaitable from the test publisher, the correction
nets out the known amount of measurement error (RI€8raw-Hill 2013a, 2013b).

Correcting for measurement error required two regjom steps because of computational
limitations with the measurement-error correctiogtinod related to producing measures of
precision. In the first step, we applied the eriarsariables correction to account for
measurement error. The second regression stepagassary to calculate standard errors on
teachers’ estimates.

In the first regression step, we used the erronganmmables approach to get the initial
estimates of value added. We estimated the regresguations 1 and 2 with the correction to
obtain unbiased estimates of the coefficients erptie-test scores. We based the correction on
the published reliabilities for each OCCT and E€3itt For the OCCT model, we used grade-
and subject-specific reliability data. For the E€&gression, we used subject-specific reliability
data. We then used the coefficients to calculatedfustedpost-test score that nets out the
contribution of the pre-test scores. The adjustest-fest score for the OCCT approach is given

by:
) Axig = Yig ~ AgMigy ~ArgRg-y ~AseSg-y

The adjusted post-test scores for the EOI appraezigiven by:
(4) Asig =Yig ~22P g

The vectorduiig andAzig represent the post-test scores, net of the estth@aintribution of
the student’s pre-test scores. We calculated arstad] post-test score for each OCCT grade and
subject and for each EOI subject.

We used these adjusted post-test scores in a seegression step to obtain standard errors
that are consistent in the presence of both hétedasticity and clustering at the student level,
because the regression includes multiple obsensafar the same student. This second-stage
regression is necessary because it is not compuédly possible to simultaneously account for
correlation in the error termacross multiple observations and apply the nurakfoicmula for
the errors-in-variables correction. Thus, for e@@CT grade and subject we estimated the final
regression in equation 5:

(5) A_tig = Blgx +6 Ttlg +€]I|g '
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and for each EOI subjects, we estimated the fegiassion in equation 6:

(6) Aztig = y,Ci(g—l) +K'Gg +BLX; 85T, tEqg -
The coefficients appear in equations 5 and 6 asdltein equations 1 and 2 because the
regressions produce identical coefficient estimatgaations 5 and 6 apply a correction only to
the standard errors.

This two-step method likely underestimates thedsdesh error of the estimat@éd anda>
because the adjusted gains in equations 3 angf 4mehe estimated values of the pre-test
coefficientsivg, Arg Asg and the vectakg-1). Treating these coefficients as fixed rather than
estimates does not fully account for variabilitypiost-test scores related to pre-test scores.
Nonetheless, with the large within-grade and wigibject sample sizes, the pre-test
coefficients were precisely estimated, likely leapio a negligible difference between the
standard errors we obtained for the teacher validedresults and those we would have
obtained had we not needed to treat the pre-tefticdents as fixed.

Underestimated standard errors could result infilegent shrinkage of some teachers’
value-added estimates, which we discuss in Setitian When using value-added point
estimates for teacher evaluations, the key consamat whether the standard errors of the
estimates are universally underestimated, but venelie standard errors for some teachers are
disproportionately underestimated, which can leasbime teacher estimates shrinking too little
relative to other teacher estimates in the fingbsThus, there is a tradeoff in the design of the
model between insufficient shrinkage for some teesland accounting for measurement error.
This approach emphasizes accuracy and face vatifitgachers’ value-added estimates over
any consequences of underestimated standard &rdre shrinkage procedure.

C. Generalizing estimates to make them comparable across grades

Both the average and variability of the initialwaladded estimates may differ across grade
levels, leading to a potential problem when comquateachers assigned to different grades. The
main concern is that factors beyond teachers’ cbnirght drive cross-grade discrepancies in
the distribution of value-added estimates. For gdanthe standard deviation of adjusted post-
test scores might vary across grades becauseferfafites in the alignment of tests or in
knowledge retention from one year to the next. Hewein TLE, all teachers will be compared
within a subject, regardless of any grade-spefafitors that might affect the distribution of
gains in student performance between years.

Because of differences in our approach to estigatatue added based on the OCCT and
EOI tests, our method to address differences agmeskes also varied. For the OCCT approach,
we transformed the grade-specific value-added astisito be comparable across grades and
then combined these transformed estimates for éeacti multiple grades. For the EOI
approach, we addressed differences across gradgesbynting for grade in the regression
model.
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1. Gradelevd adjustmentsin the OCCT approach

Transforming estimatesinto generalized OCCT points. For value-added results based on
the OCCT tests, we translated teachers’ grade-gsteghates so that each set of estimates is
expressed in a common metric of generalized OCGitgpcAside from putting value-added
estimates for teachers on a common scale, thiappieads to distributions of teacher
estimates that are more equal across grades. Boiagoids penalizing or rewarding teachers
simply for teaching in a grade with atypical tesigerties. However, the approach does not
reflect a priori knowledge that the true distrilomtiof teacher effectiveness is similar across
grades. Rather, without a way to distinguish cigrsgle differences in teacher effectiveness from
cross-grade differences in testing conditionstéiseinstrument itself, or student cohorts, the
approach reflects an implicit assumption that tis&ri@ution of true teacher effectiveness is the
same across grades.

We standardized the initial estimates of teachieccaeness from the OCCT regressions so
that the mean and standard deviation of the digiah of teacher estimates is the same across
grades. First, we subtracted from each initiaheste the average of all estimates within the
same grade. We then divided the result by an esinfahe standard deviation within the same
grade. To reduce the influence of imprecise esémabtained from teacher-grade combinations
with few students, we calculated the average usights based on the number of students
taught by each teacher. Our method of calculahegstandard deviation of teacher effects also
assigns less weight to imprecise individual estasainally, we multiplied by the square root of
the teacher-weighted average of the grade-spe®fiances, obtaining a common measure of
effectiveness on the generalized OCCT-point scale.

Formally, the value-added result expressed in géimed OCCT points is the following:

(gtg _59) 13
(7) ,7tg = a_ X (EZ Kha’\ﬁJ ’
h=4

g

where 5tg is the gradeg estimate for teachelerci_g is the weighted average estimate for all

teachers in gradg, &g is the estimate of the standard deviation of teaeffectiveness in grade
0, Kn is the number of teachers with students in gladdK is the total number of teachers.

In equation 7, we used an adjusted standard dewitiat removes estimation error to
reflect the dispersion of underlying teacher effestess. The unadjusted standard deviation of
the value-added estimates will tend to overstadrile variability of teacher effectiveness;
because the scores are regression estimates, tiaihdtnown quantities, the standard deviation
will partly reflect estimation error. Using the whasted standard deviations to scale estimates
could lead to over- or underweighting one or maBalgs when the extent of estimation error
differs across grades. This is because doing sédwesult in estimates with the same amount of
total dispersion—the true variability of teachefieefiveness and the estimation error
combined—in each grade, but the amount of truealsditly in each grade would not be equal.
Instead, we scaled the estimates using the adjatdedard deviation, spreading out the

24



MEASURING TEACHER AND SCHOOL VALUE ADDED IN OKLAHOMA MATHEMATICA POLICY RESEARCH

distribution of effectiveness in grades with ralaty imprecise estimates so that estimates of
teacher effectiveness in each grade have the samstaindard deviatiofd.

We calculated the error-adjusted variance of teachlee-added results separately for each
grade as the difference between the weighted w@iahthe graderteacher estimates and the
weighted average of the squared standard errareadstimates. The error-adjusted standard

deviation 5'9 is the square root of this difference. We chogsewhbights based on the EB

approach outlined by Morris (1983). In this appioabe observed variability of the value-added
estimates is adjusted downward according to thengxif estimation error.

Table 1.2 shows the adjusted standard deviatfaheinitial estimates of teacher
effectiveness derived from the value-added regrassis well as the weighted average across all
grades produced by equation 7. A higher standaritilen for a grade-year combination
indicates more dispersion in underlying teachexaiveness before the estimates were
transformed into generalized OCCT points. The steshdeviation of value added ranged from
21.3to 22.1 OCCT points in math and from 11.22@8¥oints in reading. By comparison, the
range of the standard deviations of student-levlelevement across grades was 71.9 to 90.9
OCCT points in math and 68.2 to 84.8 points in legdBecause we estimated value-added
results for EOI subjects pooling all grades, weorepnly the combined standard deviations.
These ranged from 5.7 to 24.3 EOI points. By coispar the range of the standard deviations
of student-level achievement across grades wast6@@.1 EOI points.

Table 111.2. Adjusted standard deviations of value added, by subject and
grade

OCCT math 22.1 21.7 21.8 21.4 21.3 22.0 71.9-90.9
OCCT reading 12.1 11.8 12.3 11.2 11.5 12.0 68.2 - 84.8
Algebra | 15.0 50.2
Geometry 24.3 70.1
Algebra Il 14.2 62.9
English 111 5.7 51.1

Source: Mathematica calculations based on OSDE administrative data.
Notes:  Teachers are included in the calculation of the standard deviation for each grade that they teach.
The average standard deviation is weighted by the number of teachers in each grade.

Combining OCCT estimatesfor teachers of multiple grades. To combine grade-level
estimates from OCCT models into a single (unshrwak)e-added result, denoted/gs for a

teacher with students in multiple grades, we useéighted average of the grade-specific
estimates (expressed in generalized OCCT points)s&V/the weight for gradeequal to the
proportion of students of teachten gradeg. Because combining teacher effects across grades

10 For teachers in grades with imprecise estimalttessiirinkage procedure, described in Section Ikddnteracts
the tendency for these teachers to receive fiiahates in the extremes of the distribution.
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might cause the overall average to be nonzerogeentered the estimates on zero before
proceeding to the next step.

We computed the variance of each teacher’'s comlaffedt as a weighted average of the
grade-specific squared standard errors of the &g@&chstimates. We set the weight for grgde
equal to the squared proportion of students ofitexd@an gradeg. For simplicity, we assumed
that the covariance across grades is zero. Iniaddwe did not account for uncertainty arising

becausei_g and 69 in equation 7 are estimates of underlying pararaetgher than known
constants. Both decisions imply that the standemat®will be underestimated slightly.

2. Gradeleve adjustmentsin the EOI approach

Unlike the grade-by-grade OCCT approach, we pogtades for the EOI estimation
equation and estimated a single initial value-adektnate for each teacher, rather than one for
each teacher-grade combination. We also usedexdliff method to account for differences
across grades because of this difference in apprdacaccount for differences across grades in
EOI models, we included binary variables for eaddg (excluding the highest grade) in the
regressions. For example, students taking georregsade 9 or 10 might be higher-ability
students on average compared to students takingegepin grade 11, even after accounting for
the other variables in the model. The coefficiemighe grade 9 and grade 10 indicators would
give the increase in the typical achievement fodehts in these grades relative to a student
taking geometry in grade 11. This approach avoatsafizing teachers for teaching in grades
with lower-ability students.

One potential concern with this approach is thatabefficients could also measure
differences in the effectiveness of teachers ifedght tracks, which could lead to bias in the
value-added results related to teachers’ gradgrasgnts. This is unlikely, because the
coefficients on the grade indicators are basedoomparing the achievement of students whose
teachers teach the same subject to students iipfawgtades, instead of comparing achievement
across teachers. We achieved this by simultaneaudlydingT2:i in the regression equation so
that all relationships between the variables inetlioh the regression and achievement—
including the grade indicators—were based on witbhacher variation in student achievement,
rather than on variation from students in differe@chers’ classrooms.

D. Accounting for different numbers of students

To reduce the risk that teachers, particularly ¢hoih relatively few students in their grade,
will receive a very high or very low effectivenasgasure by chance, we applied the EB
shrinkage procedure (Herrmann et al. 2013). UdiegaB procedure outlined in Morris (1983),
we computed a weighted average of an estimatééoaverage teacher and the initial estimate
based on each teacher’'s own students. For teaesitareelatively imprecise initial estimates
based on their own students, the EB method effelgtproduces an estimate based more on the
average teacher. For teachers with more precisaliestimates based on their own students, the
EB method puts less weight on the value for theagyeeteacher and more weight on the value
obtained from the teacher’s own students.
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The EB estimate for a teacher is approximately kigua precision-weighted average of the
teacher’s estimated effect (after generalizing s&grades) and the overall mean of all estimated
teacher effectd?! Following the standardization procedure, the dvemaan is zero, with better-
than-average teachers having positive scores angkeviidan-average teachers having negative
scores. We therefore arrived at the following:

R o° R

EB

(8) i :[fj”ﬁ
5% +67

where/ ® is the EB estimate for teacherj, is the initial estimate of effectiveness for teadhe
based on the regression model (after combining O€«dimates across gradeg), is the

standard error of the estimate of teadhand J is an estimate of the standard deviation of
teacher effects (purged of sampling error), whichanstant for all teachers. Equation 8 has no

explicit term for the weight on the overall mearcéase this mean is zero. The terdt [( 5>+
47)] must be less than one. Thus, the EB estimatays\nas a smaller absolute value than the
initial estimate—that is, the EB estimate “shrink&fm the initial estimate. The greater the
precision of the initial estimate—that is, the sieraf? is—the closef{ 62/(5%+347)] is to one
and the smaller the shrinkagesin Conversely, the larger the variance of the ihdstimate, the
greater the shrinkage if). By applying a greater degree of shrinkage to peesisely estimated

teacher measures, the procedure reduces the tkelithat the estimate of effectiveness for a
teacher falls at either extreme of the distributigrchance. We calculated the standard error for
each™® using the formulas provided by Morris (1983). Ainal step, we removed any

teachers with fewer than 10 students and recentkecEB estimates on zero.

111 Morris (1983), the EB estimate does not exaetjyal the precision-weighted average of two vatligsto a
correction for bias. This adjustment decreasesvisight on the estimated effect by a factor of (K{#8)}1), where
K is the number of teachers. For ease of expositi@mhave omitted this correction from the des@ipgiven here.

27



This page has been left blank for double-sided copying.



MEASURING TEACHER AND SCHOOL VALUE ADDED IN OKLAHOMA MATHEMATICA POLICY RESEARCH

IV. SCHOOL AND SUBGROUP VALUE-ADDED RESULTS FOR TLE

Educators will receive three types of results dstifrom the value-added results for
teachers: (1) TLE component scores, (2) schoolevatided results, and (3) value-added results
for student subgroups. In this chapter, we desdrdye we calculate each of these statistics from
the value-added results.

A. Using the value-added results in TLE

We provided OSDE with the original generalized OG&ZEOI point value-added results,
the average typical and actual scores, and valdeehesults that had been converted to a scale
from 1.0 to 5.0 for each teacher in the model. Téguires that the value-added results take on
one of 41 values from 1.0 to 5.0 when they are ts@dlculate composite TLE ratings. The
Oklahoma State Board of Education approved the ThEimission’s recommended method of
converting the value-added results to this scal¢his system, the average Oklahoma teacher
received a score of 3.0; teachers whose resuleeeec the average by two standard deviations
received a score of 5.0; and those whose reslliltselew the average by two standard
deviations received a score of 1.0. Teachers whe elgible for value-added results in multiple
subjects received scores in each subject. We w&greed these teachers a combined component
score that was a weighted average of their suleetific scores. The weight given to each
subject was the number of student equivalents.

B. School value-added results

Each school’s value-added result reflects the coetbcontributions of teachers at that
school. For each subject, we calculated a schualige added as a weighted average of the
school’s initial teacher value-added restft$he weight given to each teacher was the number
of student equivalents. Rather than giving equadjlateo each teacher in the calculation of
school value added, this approach gives equal we&gstudents who have the same dosage in
the value-added model. The averages for schoalsradtude value-added results for the catch-
all teachers of unassigned students. We then apihleesame two post-regression adjustments to
the school estimates that we did for teachers;tardardized OCCT estimates across grades,
and applied shrinkage to the combined estimatestéivieved estimates in a subject for schools
with fewer than 10 students in the subject. Asialfstep, we calculated TLE component scores
for schools across all subjects using the sameedioe we used for teachers.

This method for calculating school value-added Itequrovides two benefits that other
commonly used methods do not. First, this methoectly measures the contributions of
teachers in the school, making this approach nrarsparent than some alternatives. Second,
the primary alternative approach to estimating sthalue added—estimating a regression
similar to that for the teacher model, but replgdieacher indicators with school indicators—

12 The initial estimates used in to calculate theosth average differ slightly from those producedtibe models
described in Chapter Ill. To measure distinct dbmtions to the achievement of students in diffesemools of
teachers who taught at multiple schools, the rasgyas were modified to include indicators for etedicher-school
combination instead of only for each teacher. Adddlly, only students linked to teacher-school barations that
met the five-student minimum were included in tbgressions. We included catch-all teachers of igraed
students in the school value-added model just agdidvéor the teacher value-added model.
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might not distinguish achievement due to the charestics of students in the school from
achievement due to the effectiveness of teachdrsischool. This is because omitting the
teacher indicators can lead to estimated relatipedtetween student background characteristics
and achievement that do not fully account for htwdents are assigned to teachers within
schools, thereby attributing achievement causef@ddtprs outside of teachers’ control to

schools. Our approach addresses this concern bggrg direct estimates of teachers’
contributions.

C. Value-added results for student subgroups

We used the students’ actual post-test scoresstimdated typical scores to calculate the
value-added results for student subgroups. Théézac(or school’'s) value-added result for a
subgroup is the difference between the averagealgotist-test scores and the average typical
scores, where the averages are calculated basgdrostores for students in the subgroup. The
typical scores reflect the adjustments that we ntadlee initial value-added estimates described
in Chapter lll, including shrinkage and standarticmaacross grades. We mean-centered the
subgroup value-added results by combinations afsuips and subjects so that a positive
subgroup result reflects above-average contribstiorthe achievement of students in the
subgroup compared to other Oklahoma teachers opkchAs a final step, we removed
subgroup value-added results for teachers or sshuith fewer than seven students in the
subgroupt?

For the reporting of subgroup results for teacla&id schools, we transformed the results to
take on values of above average, average, or kmlevage. We defined above average as value-
added results that are greater than or equal tetamelard deviation above the average teacher
value-added result in the subject-subgroup comimnaSimilarly, we defined below average as
less than or equal to one standard deviation b#ievaverage teacher value-added results in the
subject-subgroup combination. We assigned a vdlagarage to all other teachers with eligible
subgroup value-added results. We produced resulstddent subgroups based on limited
English proficiency status, individualized educatpgrogram status, and proficiency levels on the
pre-test from the same content area as the pdst-tes

13 \Whereas we did not report full-sample value-ade@sdilts for teachers with fewer than 10 studenésused a
cutoff of seven students for subgroup value-adasxhbse it meant giving more teachers subgrouptseguthough
value-added results based on so few studentsamifl to be imprecise, this is less of a concerthf@rsubgroup
results than for the full-sample results, primalicause the subgroup results do not directly ibané to a
teacher’s TLE score.
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