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(Wilkinson & Task Force on Statistical Inference, 1999; see also Cook &
Campbell, 1979). The purpose of random assignment is to make the proba-
bility of the occurrence of any observable differences among treatment
groups (e.g., treatment or no treatment) equal at the outset of any experi-
ment or study.

In this case, random assignment would involve using probabilistic
methods to assign students to different treatment groups (e.g., classrooms
or schools). This would help to ensure that the student characteristics that
might bias treatment effects (e.g., different teacher- or school-level effects)
are equally probable across comparison groups (e.g., students within class-
rooms with different teachers or students within different schools). This
would help to make causal statements about treatment effects (e.g., teacher
or school effects), using output indicators (e.g., growth in student achieve-
ment) more validly interpretable using standard statistical reasoning
approaches. The p
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Notwithstanding, given the fact that value-added estimates are most
often calculated when random assignment is not possible, under quasi-
experimental conditions (Cook & Campbell, 1979), it is often necessary to
assume that even if random assignment practices are not used, assignment
practices are ‘‘effectively, if not formally, random’’ (Reardon &
Raudenbush, 2009, p. 497). It must be assumed that any school is as likely
as any other school, and any teacher is as likely as any other teacher, to
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ability is the only existing student sorting mechanism and the one with
which value-added statisticians should be primarily concerned (pp. 15–
16). Hence, controlling for academically based student placement practices
‘‘explicitly controls for the [emphasis added] potential source of bias’’
(p. 30; see also Harris, 2009).

Elsewhere, many statisticians use VAMs that assume randomness, even
though they do not necessarily believe that in actuality students are ran-
domly assigned into classrooms. Instead, they claim that student assignments
need not be made randomly if the most sophisticated models are used to
estimate value-added, with controls that account for students’ prior achieve-
ment(s) and sometimes other variables, as needed and when available. Put
differently, this set of statisticians suggests that if student placements are
nonrandom, complex statistics (e.g., student, classroom, and school fixed
effects; nesting strategies that account for the nested structures in which
students coexist; student-level covariates and other sophisticated controls;
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Advanced Statistical Strategies and Controls

To reduce the errors often caused by bias, statisticians always control for
at least one and preferably more years of students’ previous test scores (e.g.,
using or exploiting covariates in lieu of randomized experimental condi-
tions) to help adjust for the starting abilities of the students nonrandomly
sorted into classrooms and schools. Most, if not all, agree that the most crit-
ical and most important VAM-based adjustment is students’ prior achieve-
ment (Glazerman et al., 2011; Harris, 2009). As such, controlling for prior
achievement helps to ‘‘level the playing field,’’ so to speak, as this helps to
ameliorate the biasing impact that extraneous variables have on achievement
over time; although, whether this works is another source of contention
(Ballou, 2012; Rothstein, 2009; Sanders et al., 2009).

Sanders et al. (2009), for example, argue that controlling for such extra-
neous variables is unnecessary because including students’ prior test scores
effectively controls for the extraneous variables intentionally excluded. This
allows students to serve as their own controls (Ballou et al., 2004; Cody,
McFarland, Moore, & Preston, 2010; Goldhaber & Theobald, 2012;
Sanders, 1998). Additionally, Sanders et al. (2009) purport they have evi-
dence that this works in that growth, when properly assessed using students’
test prior scores, is not highly correlated with students’ background variables
(mainly race and poverty) using the EVAAS model. However, they do not
provide statistical evidence of this assertion (e.g., correlations among levels
of growth and race/poverty). Instead, they write, ‘‘correlations are modest at
worst and essentially zero at best’’ (p. 6; see also Sanders, 1998), leaving
‘‘modest correlations’’ open to interpretation. Consequently, and regardless,
they recommend adjustments for variables other than students’ prior test
scores not be made.

Researchers conducting secondary analyses of EVAAS data, however,
have noted that bias still exists within their model, especially when highly
homogenous sets of students (including large proportions of racial minority
students) are not randomly assigned into classrooms (Kupermintz, 2003; see
also Goldhaber et al., 2012; Guarino, Maxfield, Reckase, Thompson, &
Wooldridge, 2012; Newton et al., 2010). Allowing students to serve as their
own controls, in other words, only controls for bias in starting ability due
to student traits. It does not, however, address the differential probabilities
that unique students with diverse background characteristics (e.g., language
proficiency, familial support, dissimilar motivations, access to technologies
and resources outside of school, etc.) might otherwise have for making dis-
crepant gains from year to year. This ultimately causes disparities both dur-
ing the school year and over the summer months, especially considering that
the pretests and posttests used to measure value-added encapsulate the sum-
mers. There still exists a lack of controls to directly counter for these effects
(Baker et al., 2010; Corcoran, 2010; Gabriel & Allington, 2011; Harris, 2011).
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That said, some statisticians integrate additional controls to account for
some of these other, uncontrollable influences. They do this under the assump-
tion that by controlling for some additional observable factors they might also
control for other nonobservable factors, particularly those that might be more
difficult or impossible to capture. Control variables most often incorporated
include but are not limited to student-level variables (e.g., race, ethnicity, eligi-
bility for free or reduced lunch prices as a crude proxy for socioeconomic back-
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with more ‘‘difficult to teach’’ students or to reward teachers of classes dis-
proportionately filled with higher achievers.

But relatively limited research has been conducted to explore how
students are assigned to classrooms in schools (Burns & Mason, 1995;
Dills & Mulholland, 2010; Monk, 1987; Player, 2010; Praisner, 2003), and
none of these studies have been conducted in the context of value-added.
In chronological order, Monk (1987) found that the use of categories, often
based on student demographic variables and previous academic perfor-
mance, was the most common method used to assign students to class-
rooms. Burns and Mason (1995) concluded that principals of traditional or
single-track schools had greater flexibility in creating heterogeneous class-
rooms based on students’ ethnicity, gender, behaviors, language proficiency,
parental requests, and previous interactions with teachers or other students.
In multitrack schools, however, principals attempted to cluster students
homogeneously. Praisner (2003) found that placement decisions, especially
for students with disabilities, were largely affected by principals’ attitudes,
values, and professional coursework and training. Dills and Mulholland
(2010) demonstrated issues with the ways students are placed into certain
classes with certain class sizes using students’ demographic variables (e.g.,
prior student behaviors). Player (2010) found that, especially as a form of
nonmonetary compensation or benefit, principals had an incentive to assign
higher achieving students with teachers they favored most and placed lower
achieving students (e.g., males, students eligible for free or reduced lunches,
students with disabilities) with teachers they favored less. This certainly has
implications for value-added, but again in this context, while researchers are
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with highly homogenous and relatively higher racial minority populations
still tended to exhibit lower value-added (see also Goldhaber et al., 2012;
McCaffrey, 2012; McCaffrey et al., 2004; Stacy et al., 2012). Guarino,
Reckase, et al. (2012) supported this as well, writing, ‘‘it is clear that every
estimator has an Achilles heel (or more than one area of potential weak-
ness)’’ (p. 15; see also Guarino, Maxfield, et al., 2012).

Hill et al. (2011) demonstrated that within-school sorting of higher
achieving students into the classes of more effective teachers biased esti-
mates even when the biasing variables were included in the models.
While this was more evident among the more simplistic VAMs used (see
also Newton et al., 2010), this also occurred when more sophisticated
controls were employed. McCaffrey et al. (2004) demonstrated that the
same teachers consistently demonstrated more effectiveness when they
taught higher achieving students, fewer ELLs, and fewer students from
low-income backgrounds. They concluded that ‘‘student characteristics are
likely to confound estimated teacher effects when schools serve distinctly
different populations’’ (p. 67; see also Baker et al., 2010; McCaffrey et al.,
2004). Newton et al. (2010) found too that estimates were significantly and
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definition of sufficient was left open to interpretation; the value-added esti-
mates produced also used the aforementioned Empirical Bayes methods
(Hermann et al., 2013; Stacy et al., 2012; see also Chetty, Friedman, &
Rockoff, 2011), and study results applied to a fairly narrow sample of partici-
pating and compliant schools (Guarino, Reckase, et al., 2012; Harris &
Anderson, 2013). More importantly, results were not based on a true ran-
domized experiment whereby students were not randomly assigned to class-
rooms. Instead, ‘‘principals in each of the schools were asked to draw up
two classrooms they would be equally happy to have assigned to each of
the teachers in the pair [or classroom dyads]. The school district office
then randomly assigned the [dyad] classrooms to the [two] teachers’’ (Kane
& Staiger, 2008, p. 2).

Related, in the final of $45 million worth of Bill & Melinda Gates
Foundation Measures of Effective Teaching (MET) studies (2013), a majority
of schools and teachers reneged on their agreements to safeguard and follow
through with the randomized design. This too impeded on the validity of
findings (Rothstein & Mathis, 2013), although statisticians noted that they
could control for this attrition as well (Bill & Melinda Gates Foundation,
2013).

Nonetheless, the majority of the aforementioned researchers have
evidenced that the value-added estimates of teachers who teach largely
homogenous groups of students, students who are often nonrandomly
sorted into classrooms, and despite the sophistication of the statistical
controls used to eliminate bias, are still biased. As major studies continue
to evidence that nonrandom sorting practices complicate estimates, value-
added researchers must continue to acknowledge that this is an issue and
that this issue deserves even more serious attention.

Purpose of the Study

In this study, researchers investigated the methods that elementary
school principals in Arizona typically use to assign students to teachers’
classrooms. Again, some things are known regarding how students are
placed in general, but this is now much more important to explicate and
understand because of the new accountability initiatives and value-added
systems being adopted across the nation. This is the first study to provide
evidence about the extent to which the purposeful (nonrandom) and ran-
dom assignment of students into classrooms occurs in the context of the
value-added.

The purpose of this study was to add to our collective thinking in this
area, again given potential implications for making and better understanding
value-added inferences and their evidence of validity. The three main
research questions researchers addressed were the following:

Random Assignment of Students and Value-Added Analyses
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Research Question 1: What are the methods elementary school principals typically
use to assign students to teachers’ classrooms?

Research Question 2: What are the key criteria elementary school principals typically
use to place students if nonrandom practices are employed, and do these key cri-
teria correlate with one another (i.e., are principals who use one academic indica-
tor likely to also consider behavioral records to make placement decisions)?

Research Question 3: To what extent do students, teachers, and parents play a role
in the student assignment process if nonrandom practices are employed?

Findings in this study were used to draw implications regarding how
such practices might impact value-added inferences. While this is also the
first study to provide concrete evidence that students are not randomly
assigned to teachers, again, the question of whether certain placement prac-
tices really biased value-added estimates under varying conditions was not
directly examined or explored. While it is certainly reasonable to ask to
what extent bias occurs given varying student placement practices, in the
state of Arizona, students’ growth scores are still not linked to teachers’
records to permit teacher-level value-added analyses for such a purpose.
If this is done, it is only done at the district level. That said, it was impossible
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This would make it reasonable to suspect that assignment using student
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Researchers kept the survey instrument open for just over 3 weeks in the
spring of 2012. Using a confidence interval calculator with a 95% confidence
level (
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Data Analysis

For all participant responses (n = 378/1,265, 30.0%), researchers calcu-
lated descriptive statistics (means and standard deviations) using respond-
ents’ numerical responses to the sets and series of Likert-type items included
in the survey instrument. Researchers then rank-ordered participant
responses to demonstrate frequency and for descriptive purposes regarding
school, student, and principal background variables. Researchers also calcu-
lated Pearson bivariate correlations among the key criteria that principals
reported using to make placement decisions, noting statistically significant
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differences among responding and nonresponding principals (e.g., using
chi-square analyses).

Instead, researchers examined sample representativeness using logical
and comparative yet nonstatistical approaches (Wilkinson & Task Force on
Statistical Inference, 1999; see also Thompson, 2000). Researchers used the
most current state-, county-, and school-level data available via the
National Center for Education Statistics (NCES), the U.S. Census Bureau,
and other local sources to examine sample-to-population characteristics, to
help reduce or eliminate some of these potentially biasing elements. In
one case, researchers were able to examine principalsÕ years of experience
as compared to the state population of principals, but otherwise, state-level
information that matched the self-report data collected was not available for
comparative purposes. These data are presented alongside sample demo-
graphics next.

School Size and Location.Principals who responded reported repre-
senting public and charter elementary schools of various sizes across
Arizona that enrolled students in Grades 3 through 6. In terms of size,
78.9% (n = 291/369) enrolled more than 400 students. NCES data indicate
that the average elementary school in Arizona enrolls 511 students (U.S.



Education, NCES, CCD, 1999–2000 and 2009–2010). While almost half of
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amount of advanced training (e.g., certificates and/or master’s or doctoral
degrees) as well as extensive experience as administrators. When asked to
describe their advanced training, almost all principals (n = 333/350,
95.1%) reported having earned a graduate degree. Of these, 58 respondents
(n = 58/333, 17.4%) reported also having earned a doctoral degree.

In terms of principals’ years of experience, survey results showed that
most responding principals (n = 313/366, 85.5%) had more than 3 years of
administrative experience. Notably, 26.0% (n = 95/366) reported having at
least 13 years of administrative experience. NCES data supported this finding
as well. Almost half (n = 168/367, 45.8%) of respondents reported holding
their current position for 3 years or less, and as per the NCES data 57.8%
of state principals reported the same. In addition, 13.1% (n = 48/367) of
respondents reported serving at their school for at least 10 years, and as
per the NCES data, 12.2% of principals statewide reported the same (U.S.
Department of Education, NCES, Schools and Staffing Survey, 2007–2008).

These data should help to verify that respondents are representative of
the statewide elementary school principal population. However, the sample
is still limited; therefore, it is not possible to make other than naturalistic
generalizations (Stake & Trumbull, 1982).

Results

Informed Placement Practices

Despite the aforementioned levels of advanced training and prior
administrative experience, most principal respondents noted that the assign-
ment of students was not discussed during their professional or administra-
tive coursework (n = 284/363, 78.2%) or during any other professional
development they had received since (n = 239/361, 66.2%). Those who
recalled discussing the topic during coursework (n = 71/363, 19.6%)
described the nature and extent to which the topic of the assignment of
students was addressed. Most respondents noted that what was emphasized
was the need to consider student background characteristics during the
assignment process, most frequently citing the importance of making place-
ment decisions using students’ special education needs (n = 17/71, 23.9%),
academic achievement or abilities (n = 15/71, 21.1%), gender (n = 9/71,
12.7%), and giftedness (n = 8/71, 11.3%), in that order.

Principal respondents also described discussing the importance of pur-
posefully creating ‘‘balanced’’ and ‘‘heterogeneous’’ classrooms (n = 23/71,
32.4%). Those who discussed the assignment of students as part of other
professional development activities (n = 105/361, 29.1%) mentioned similar
topics, most often noting the importance of student background characteris-
tics in the assignment process, namely, focusing again on language profi-
ciency (n = 17/105, 16.2%), giftedness (n = 15/105, 14.3%), special education
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needs (n = 14/105, 13.3%), and academic achievement (n = 14/105, 13.3%).
Most principals (n = 308/353, 87.3%) noted that their district policy manual
did not prescribe or mention a procedure for placing students into
classrooms.

Methods of Assignment

When respondents described the various methods they used to assign
students to classrooms in their schools, nearly all (n = 335/342, 98.0%)
described procedures whereby administrators and teachers considered
a variety of student background characteristics and student interactions to
make placement decisions. In fact, in 98.0% (n = 335/342) of respondents’
schools, random assignment to classrooms is not the general practice. Few
(n = 25/342, 7.3%) principals mentioned the term random in their responses
about their assignment practices at all.

In addition to students’ academic achievement or ability (n = 188/342,
60.0%), behavior (n = 162/342, 47.4%), and special education needs (n =
147/342, 43.0%), principals frequently cited, as important considerations,
the following in their open-ended responses: gender (n = 122/342,
35.6%), large-scaled standardized test scores (n = 98/342, 28.7%), and gifted-
ness (n = 95/342, 28%). Very few principals (n = 34/342, 9.9%) identified
students’ racial or ethnic backgrounds as a factor in the placement process.
Even fewer (n = 11/342, 3.2%) reported considering students’ socioeco-
nomic status when making placement decisions.

Given the set of Likert-type items used to identify the student character-
istics considered when they are placed in classes, participants’ open-ended
responses matched or validated the quantitative findings. Principals reported
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with preceding grades during the placement process (r = .51, p ! .01) as
well. Here, correlation coefficients helped to validate the responses from
principals regarding the student characteristics that they considered during
the placement process. See Table 2 for all correlation coefficients with levels
of statistical significance.

Some principals (n = 47/263, 17.9%) also identified students’ interactions
with other students and teachers as critical factors that influence the place-
ment process. These principals indicated that interactions among students,
whether positive or negative, significantly impacted the learning environ-
ment in classrooms and also played a significant role in determining where
students were placed for the following school year. For example, one prin-
cipal described a common practice, explaining that teachers provide ‘‘infor-
mation on behavior issues and/or students that should be placed in separate
classes. Anything useful that can assist in the best placement for their
students into the next grade’’ was reported as being important. Another prin-
cipal added to this by expressing that a student’s interactions with his or her
peers can dramatically change the classroom dynamic, and ‘‘if students do
have some behavior issues when they are with their peers, they may be
assigned to separate classes the next year.’’ Some principals (n = 50/306,
16.3%) mentioned negative interactions with other students as legitimate
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128/306, 41.8%). These decisions were most often informed by the
comments and recommendations made by teachers, in addition to studentsÕ
prior interactions with their teachers, their teachersÕ personalities, and their
teachersÕ varying instructional and management styles. Thus, principals
reported that they relied on teachers to make recommendations about stu-
dent placements based on how students responded to them as instructors



student background characteristics. According to respondents, teachers most
often considered at least one of the following student characteristics: inter-
actions with other students (n = 29/263, 11.0%), students’ levels of academic
achievement (n = 27/263, 10.3%), behaviors (n = 27/263, 10.3%), special
needs (n = 27/263, 10.3%), and/or interactions with previous teachers (n =
18/263, 6.8%) when making placement recommendations. When placing
students with the assistance of teachers, principals often reviewed these lists
to make changes as needed. Principals never reported that it was solely the
teachers’ responsibility to make placement decisions.

Principals also frequently reported that they provided specific guidelines
for teachers, directing them to create heterogeneous classrooms using most
often (i.e., next to peer interactions) student characteristics that were aca-
demically related (n = 27/263, 10.3%). Some principals (n = 58/342,
17.0%), however, also required teachers to use cluster-grouping models to
place gifted students, thus effectively creating more homogeneous classes.
While principals often sought to ‘‘balance’’ classrooms as much as possible,
in an effort to create more heterogeneous, harmonious learning environ-
ments, there were noteworthy exceptions.

Survey results also showed that teachers currently working in a school
are asked to assist in matching the learning needs of students with future
teachers’ instructional styles, personalities, and other strengths. In describing
this critical aspect of the placement process, one principal explained that
teachers ‘‘complete a paper on each student . . . [and] list which, if any, par-
ticular teachers they feel the child would be most successful with and why.’’
Another respondent noted the importance of teachers providing ‘‘learning
modality information about students that helps in assigning students to
match teaching strengths of teachers.’’

Some principals (n = 21/263, 8.0%) also described procedures where
current teachers purposefully assign students based on their learning styles,
namely, those who will likely benefit from a particular instructional or class-
room management style. For example, one principal wrote that he or she has
‘‘some teachers who have strengths regarding language who can more effec-
tively work with some demographics or even request [to] work with some of
the most in need.’’ Another responded, ‘‘The previous year’s teachers place
the students according to special needs, ELL, behavior, and levels of
academics into the next [classroom with] A Teacher, B Teacher, C Teacher,
D Teacher, or E Teacher.’’ When reviewing these preliminary assignments
again, however, several principals again noted the need for ‘‘balanced’’
(n = 95/342, 27.8%), ‘‘equal’’ (n = 29/342, 8.5%), ‘‘heterogeneous’’ (n =
25/342, 7.3%), and ‘‘fair’’ (n = 19/342, 5.6%) class lists.

One noted, for example, that he or she worked to ensure that ‘‘no clas-
ses are ‘stacked’ for a particular teacher . . . [and that] anyone could be
assigned to any group.’’ By making changes to class lists as needed, respond-
ents frequently suggested that mismatched placements could be remedied

Random Assignment of Students and Value-Added Analyses
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before the school year began. One principal explained that ‘‘lists are then
given to the principal for final review with [the] school effectiveness mentor,
counselor, [and] special needs representative.’’ Again, while teachers may
play a large role in the placement process, it was never reported that it
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needs of the child. IÕd always consider a request for a type of assign-
ment . . . though we do not entertain requests for particular teachers.

Here, principals (n = 58/306, 19.0%) also cited prior negative interac-
tions as a result of placements of siblings or relatives as legitimate reasons
to honor specific requests. One principal explained that he or she would
move a student to another class if unable to ÔÔremediate [the] problem
between [the] parent and teacher even after [a] discussion [as a result of]
a previous problem with the teacher with an older sibling.ÕÕ While a few prin-
cipals (n = 13/306, 4.2%) expressed a willingness to make a placement
change under such circumstances, they also expressed their desire to
attempt to resolve any issues prior to moving the student. For example,
a principal explained his or her response to such requests:

Once teacher assignments are made, I typically have 8-10 change
requests from parents. I meet with the parent and listen to their con-
cern. Typically, I require the parent to try the assigned teacher. If after
a two-week trial period, the concern remains, we meet with the
teacher and try to resolve the issue within the classroom. If the issue
then remains unresolved, I make a classroom change.

Another principal explained that,

Current-year teachers supply the information used to balance out the
classes. Teachers of the incoming classes only have input regarding
students of families with whom they have had prior negative experi-
ences. Avoiding situations that are predestined for problems is much
easier before the classroom assignment has been made.

Another principal stated that he or she would change a studentÕs placement
ÔÔwhen all parties agree and itÕs truly in the best interest of the child.ÕÕ

Some principals (n = 50/306, 16.3%) also referred to conflicts between
students as a legitimate reason to honor parental requests for placement in sep-
arate classrooms or even change a placement during the school year. One prin-
cipal described a rare instance where he or she might consider a new placement
necessary, namely, ÔÔif there is a bullying issue in the classroom or conflict with
another student that [could not] be resolved with regular inventions.ÕÕ

Discussion

In terms of random assignment, when examined in this context,
researchers found that many principals (n = 218/321, 67.9%) strongly
opposed random placement. While a quarter (n = 81/321, 25.2%) of
respondents acknowledged that random methods may have some benefits,
they also noted that random placement practices contradict their own edu-
cational philosophies.
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we need to use that information to make all decisions in order to offer
the best education possible for each student.

Another expressed his or her disapproval, stating, ‘‘I prefer careful, thought-
ful, and intentional placement [of students] to random. I’ve never considered
using random placement. These are children, human beings.’’ Another
respondent explained that ‘‘anything done randomly will get random results.
If assignment of students is done strategically with a goal in mind (student
success) then there is a higher likelihood of meeting that goal.’’

With a majority of respondents (n = 218/321, 67.9%) rejecting the prac-
tice of random placement, it is evident that even if principals value fairness,
equity, and justice, which most if not all of them certainly do, random assign-
ment will probably never be the professionals’ practice of choice (see also
Burns & Mason, 1995). This unquestionably has implications, particularly
for researchers who argue (in many ways correctly) that value-added analy-
ses will probably never be done well without random assignment practices
in place (Corcoran, 2010; Glazerman & Potamites, 2011; Reardon &
Raudenbush, 2009; Rothstein, 2009, 2010).

In terms of bias, the fundamental question here was whether the non-
random student assignment practices discovered in this study might logically
lead to biased VAM estimates, if the nonrandom student sorting practices
went beyond that which is typically controlled for in most VAM models
(e.g., academic achievement and prior demonstrated abilities, special educa-
tion status, ELL status, gender, giftedness). Here, researchers found that
while that which is typically controlled for in most VAM models is typically
valued here when principals and teachers assign students to classrooms,
using these variables to sort students into classrooms is done in highly idio-
syncratic and personal ways. It is not that principals, for example, use
students’ prior academic achievement records and systematically sort
students into classrooms. Rather, principals reported considering a wide vari-
ety of student factors and variables, including but not limited to the variables
for which VAM researchers typically control, when working alongside
teachers to make subjective and highly individualized student placement
decisions.

Very few principals, for example, identified students’ racial, ethnic, and
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Related, some principals reported using studentsÕ prior grades to make
placement decisions. But whether studentsÕ grades can be effectively cap-
tured using studentsÕ prior test scores, mainly given the lower than expected
correlations between grades and test scores often caused by grading varia-
tion across classrooms, schools, and districts (Ricketts, 2010; Willingham,



It is argued herein that the purposeful (nonrandom) assignment of
students into classrooms biases value-added estimates and their valid inter-
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of their placement decisions. They might more carefully consider, as well,
the validity of the inferences they make using such potentially biased esti-
mates, since student assignment practices will likely continue to distort the
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