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Abstract

Purpose – This article informs school leaders and staffs about existing research findings on the use of data-
driven decision-making in creating class rosters. Given that teachers are the most important school-based
educational resource, decisions regarding the assignment of students to particular classes and teachers are
highly impactful for student learning. Classroom compositions of peers can also influence student learning.
Design/methodology/approach – A literature review was conducted on the use of data-driven decision-
making in the rostering process. The review addressed the merits of using various quantitative metrics in the
rostering process.
Findings – Findings revealed that, despite often being purposeful about rostering, school leaders and staffs
have generally not engaged in data-driven decision-making in creating class rosters. Using data-driven
rostering may have benefits, such as limiting the questionable practice of assigning the least effective teachers
in the school to the youngest or lowest performing students. School leaders and staffs may also work to
minimize negative peer effects due to concentrating low-achieving, low-income, or disruptive students in any
one class. Any data-driven system used in rostering, however, would need to be adequately complex to account
for multiple influences on student learning. Based on the research reviewed, quantitative data alonemay not be
sufficient for effective rostering decisions.
Practical implications – Given the rich data available to school leaders and staffs, data-driven decision-
making could inform rostering and contribute to more efficacious and equitable classroom assignments.
Originality/value –This article is the first to summarize relevant research acrossmultiple bodies of literature
on the opportunities for and challenges of using data-driven decision-making in creating class rosters.
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Introduction
In preparation for each school year, schools must perform a routine task that can have a
substantial impact on student learning: creating class rosters, or determining which students
are grouped into classes with which teachers. Rostering potentially has a substantial impact
on student outcomes because teachers are the most important school-based factor impacting
student learning (Rice, 2003; Sanders and Rivers, 1996). Despite these potential effects,
however, school leaders and staffs often rely on subjective judgments in assigning students
to classes and do not fully leverage the data they have at their disposal (Bosworth, 2014;
Dieterle et al., 2012; Kraemer et al., 2011). Moreover, these subjective judgments can lead to
inequitable teacher-student assignments (Dieterle et al., 2012; Kalogrides and Loeb, 2013).

The lack of data-driven decision-making in rostering is not surprising. Rostering is
complex, and school staff may consider a host of variables including teacher effectiveness,
student achievement, student demographic characteristics and others (Burns and Mason,
2002; Henderson, 2011; Kraemer et al., 2011). Therefore, creating class assignments can be

JRIT
14,2

162

© Rebecca Wolf, Joseph M. Reilly and Steven M. Ross. Published in Journal of Research in Innovative
Teaching & Learning. Published by Emerald Publishing Limited. This article is published under the
Creative Commons Attribution (CC BY 4.0) licence. Anyone may reproduce, distribute, translate and
create derivative works of this article (for both commercial and non-commercial purposes), subject to full
attribution to the original publication and authors. The full terms of this licence may be seen at http://
creativecommons.org/licences/by/4.0/legalcode

The current issue and full text archive of this journal is available on Emerald Insight at:

https://www.emerald.com/insight/2397-7604.htm

Received 19 March 2019
Revised 21 June 2019
16 October 2019
Accepted 23 December 2019

Journal of Research in Innovative
Teaching & Learning
Vol. 14 No. 2, 2021
pp. 162-177
Emerald Publishing Limited
2397-7604
DOI 10.1108/JRIT-03-2019-0045

http://creativecommons.org/licences/by/4.0/legalcode
http://creativecommons.org/licences/by/4.0/legalcode
https://doi.org/10.1108/JRIT-03-2019-0045


both logistically demanding and time-consuming for school staff (Burns and Mason, 2002;
Hopkins, 1999). According to Henderson (2011), examining how data can be systematically
incorporated into the rostering process is an unrealized practice that could be beneficial for
school leaders and staffs.

Do data exist that could improve rostering in ways that would enhance student
achievement and other educational outcomes? Data have become both increasingly available
over time, as educational policy at the national, state and district levels has emphasized the
use of data-driven decision-making (Anderson et al., 2010; Cannata et al., 2017; Coburn and
Turner, 2011; Marsh, 2012). Federal initiatives have also incentivized the collection and use of
data on teacher effectiveness (Coburn and Turner, 2012; Donaldson and Papay, 2015; Drake
et al., 2016; Harris and Herrington, 2015; Master, 2014). In addition to data on teacher
effectiveness, schools also have access to student achievement, disciplinary and demographic
data. The question is, can school leaders and staffs use these data to optimize classroom
assignments, and if so, how? This review addresses this overarching question and provides
school leaders and staffs responsible for creating class rosters with information that can help
them improve the equity and efficacy of their classroom assignments.

What is data-driven decision-making?
It is important to discuss how data-driven decision-making was conceptualized for the
purposes of this study. Data-driven decision-making begins with the existence of data. Data
generally refer to existing information that can be systematically analyzed in such a way to
provide new information to practitioners (Coburn and Turner, 2011; Ikemoto and Marsh,
2007; Marsh, 2012). Therefore, in this review, data were limited to quantitative metrics that
are routinely collected by districts and schools or can be derived from routinely collected data.

Another key consideration in data-driven decision-making is that quantitative data are
not necessarily interpreted the same way by different stakeholders. Practitioners make sense
of new information using their prior ideologies, beliefs, experiences and expertise (Coburn
and Turner, 2011; Ikemoto and Marsh, 2007; Marsh, 2012; Park et al., 2012). Therefore,
different people may come to different conclusions when presented with the same
information (Coburn, 2010; Coburn and Turner, 2011; Ikemoto and Marsh, 2007; Marsh,
2012). Some practitioners, in fact, may discount new information that they do not understand,
that challenges their beliefs, or that “raises questions about the efficacy of past practices”
(Coburn and Turner, 2011, p. 179). As Spillane (2012) stated, “Data do not objectively guide
decisions on their own—people do” (p. 114).

Once new information has been processed into new knowledge, practitioners must decide
whether to act on the new knowledge, and their actions reflect data-driven decision-making
(Ikemoto and Marsh, 2007; Marsh, 2012). After taking action, practitioners may enter a cycle
of continuous improvement, where new data are collected to monitor progress, and the new
data will once again be processed into new information, which could inform future actions
(Marsh, 2012). Successful data-driven decision-making results in improved educational
offerings and outcomes (Coburn andTurner, 2011, 2012; Ikemoto andMarsh, 2007; Park et al.,
2012; Slavin et al., 2013).

The success of data-driven decision-making depends on multiple factors. Data must be
accessible, timely, and valid or perceived as such (Coburn and Turner, 2011; Ikemoto and
Marsh, 2007; Marsh, 2012). Practitioners must have the willingness and capacity to analyze
the data and process the information into new knowledge (Coburn and Turner, 2011; Ikemoto
andMarsh, 2007; Marsh, 2012). Practitioners must also have the autonomy to make decisions
based on the new knowledge generated from the data.

Data-driven decision-making works best in trusting environments, where practitioners
are not deterred from asking hard questions (Coburn and Turner, 2011; Ikemoto and Marsh,
2007; Marsh, 2012). Trust is also needed because data-driven decision-making rarely occurs
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with a single individual and is more likely to be collective in nature (Coburn and Turner,
2011), particularly when it comes to rostering (Burns and Mason, 2002; Cohen-Vogel, 2011;
Hopkins, 1999). Therefore, it is critical that the practitioners engaged in collective data-driven
decision-making perceive the process as constructive rather than punitive (Ingram et al.,
2004). Moreover, when data-driven decision-making is limited to a single individual, turnover
in school staff can substantially hinder data use (Coburn andTurner, 2011;Marsh et al., 2008).

School leaders are ideal candidates to create trusting environments in which to process
data and ultimately establish a school-wide culture for data use (Coburn and Turner, 2011;
Ikemoto andMarsh, 2007; Park et al., 2012). School leaders can frame how new information is
presented to teachers and staff to garner more buy-in and potentially challenge “long-
standing norms, beliefs, and structure (e.g. about student ability and tracking) that may
inhibit inquiry” (Coburn and Turner, 2011, p. 667). Norms, beliefs and structures have
implications for data-driven decision-making in creating class rosters, as teachers may prefer
to teach some subgroups of students but not others (Cannata, 2010; Carey et al., 1994; Engel
et al., 2014; Kalogrides et al., 2013).

Yet, little is known about how school leaders and staffs use data to inform the rostering
process (Henderson, 2011). This literature review sheds light on how school leaders and staffs
have used data-driven decision-making in the rostering process in the past and how they
might use existing data to improve the process moving forward. To the authors’ knowledge,
this article is the first review of research on topics relevant to rostering with the goal of
informing how data-driven decision-making may be used to improve the rostering process.
Specifically, this review addresses the following research questions:

RQ1. How have school leaders and staffs used data in the rostering process?

RQ2. What were systematic patterns in teacher–student assignments?

RQ3. How were measures of teacher effectiveness used in the rostering process?

RQ4. What are considerations for using other teacher characteristics in the rostering
process?

RQ5. Should peer effects be considered in the rostering process?

Method
To conduct the literature review on the use of data-driven decision-making in the rostering
process, databases were searched for studies using keywords and their synonyms related to
class rosters and assignments, teacher–student assignments, peer effects and teacher
effectiveness. Databases searched included Google Scholar, EBSCOhost, ProQuest Central,
and the US Department of Education’s Education Resources Information Center database.
Following these initial database searches, the reference lists of particularly relevant articleswere
mined to identify additional studies that were either not initially identified through the database
search or that predated the search criteria. This procedure included identifying the key authors
who were cited frequently in many of the studies and conducting additional searches targeting
theworks of these researchers. Finally, secondary sources andmeta-analyses on topics related to
rostering were reviewed in order to identify how research on this topic had been synthesized
thus far. Studies were also limited to those conducted in the United States, and with rare
exception, to those published between 2007 and 2017. This process ultimately generated a total
of 265 articles that were initially identified and reviewed by researchers.

Of the 265 studies initially reviewed, 58 studies directly addressed the research questions,
and findings from these studies are synthesized in the subsequent section. Per this study’s
conceptualization of data-driven decision-making, the review targeted studies that focused
on the use of quantitative data — as opposed to qualitative data — in rostering decisions.
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After studies were identified, findings were summarized using a narrative overview
approach (Green et al., 2006). This approach allows for researchers to summarize across
research findings and different bodies of literature (Green et al., 2006). The narrative overview
approachwas viewed as appropriate given the exploratory nature of this study and themany
bodies of literature that either directly or indirectly related to the rostering process.

Findings
The following sections summarize the findings from the literature review about how school
leaders and staffs have used data to inform the rostering process and how existing
administrative data may be used to improve classroom assignments.

How have school leaders and staffs used data in the rostering process?
A few studies documented how school leaders have used data in the rostering process (Burns
and Mason, 2002; Henderson, 2011; Kraemer et al., 2011), yet prior research is limited.
According to these studies, school staffs considered a number of data elements in the
rostering process. Henderson (2011) surveyed principals across roughly 30 elementary
schools in a single North Carolina school district, and Kraemer et al. (2011) conducted
interviews and focus groups with principals from roughly 30 K–8 schools across three large
urban districts. Findings across the two studies showed that school staffs frequently used the
following data elements in the rostering process (Henderson, 2011; Kraemer et al., 2011):

(1) Student academic performance: Student test scores.

(2) Student demographic characteristics: Student gender, race/ethnicity, primary
language, socioeconomic status, English learner (EL) status, and special education
status.

(3) Other student characteristics: Gifted and talented status, participation in elective
coursework, grade-level retention and disciplinary incidents.

(4) Teacher characteristics: Measures of teacher effectiveness, years of experience
and certification type or status.

Other non-quantitative metrics considered in the rostering process (Henderson, 2011;
Kraemer et al., 2011) were as follows:

(1) Student attributes: Subjective judgments made by a student’s previous teacher
about a student’s personality, learning style, parent characteristics and disruptive
behavior or misbehavior related to specific peers.

(2) Teacher attributes: Administrator perceptions of a teacher’s ability to effectively
teach students at different grade and ability levels, and of the teacher’s instructional
and classroom management styles and capabilities.

(3) School structures: Team teaching and teacher “looping” (remaining with the same
students as they progress to the next year).

Findings indicated that to some degree, rostering decisions were made intentionally (Burns
and Mason, 2002; Henderson, 2011; Kraemer et al., 2011). School staffs frequently cited
creating “balanced” classrooms across multiple variables as a major consideration (Burns
and Mason, 2002; Kraemer et al., 2011, p. 5). A frequent interest, for example, was increasing
similarities between classrooms in student achievement and characteristics (Burns and
Mason, 2002; Henderson, 2011; Kraemer et al., 2011). One study found that school staffs often
attempted to achieve balance by first assigning special education and EL students, who
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required specialized academic programming, to classrooms, and then building rosters around
them (Burns andMason, 2002). Another study reported that, “within the balancing structure,”
school staffs matched specific students and teachers on the basis of their characteristics or
“interaction tendencies” with other students (Kraemer et al., 2011, p. 1).

Henderson (2011) also analyzed the degree to which various rostering practices were
correlatedwith student growth in reading. This research found that considerations of teacher
grade-specific years of experience and the strategic placement of high-achieving students
were each positively correlated with the schools’ average growth in reading. Other studies
have corroborated the finding that grade switching of teachers between years had at least a
short-term negative effect on teacher effectiveness, particularly for novice teachers
(Atteberry et al., 2016; Blazar, 2015; Ost, 2014). On the other hand, Henderson (2011)
determined that subjective considerations of parents and student learning styles were each
negatively correlatedwith schools’ average reading growth. Other variables considered in the
rostering process (and included in the list above) were either unrelated or weakly correlated
with school-level average reading growth. While Henderson’s (2011) findings are
correlational and not causal, they suggest that leveraging data-driven decision-making in
the rostering process could be impactful for student achievement.

Prior studies have also found that in using data to inform rostering, school staffs tended to
rely on paper-based forms of data, as opposed to electronic systems. One study gave the
example of school staffs creating information cards for each student to be used in the
rostering process (Burns and Mason, 2002; Kraemer et al., 2011). Kraemer and colleagues
(2011) also found that data used for rostering were typically in paper form, and school staffs
seldom used electronic systems to create rosters. High schools and some large middle schools
that adopted high school schedulingmodels were the exceptions. The reliance on paper-based
forms of data may impede data-driven decision-making in creating class rosters, however.
One study, for instance, found that school leaders and teachers were more likely to see the
value in data-based decision-making when they had online access to multiple data points and
could disaggregate the data and display the results in more than one way, although not all
districts offered this capability (Kerr et al., 2006). In sum, prior research indicates that school
staffs have used data, at least in some format, in the rostering process, although there is less
evidence that school staffs have engaged in data-based decision-making in systematic ways.

What were systematic patterns in teacher–student assignments?
The lack of data-driven decision-making in creating class rosters has potential drawbacks.
While some studies reported that many school staffs attempted to create “balanced” classes,
other studies indicated that whether intentionally or unintentionally, classroom rosters were
often not balanced, particularly in terms of student prior achievement (Dieterle et al., 2012;
Kalogrides and Loeb, 2013). Even in the absence of formal tracking, students were often
grouped in classrooms by prior achievement, a finding evidenced in elementary, middle and
high schools (Dieterle et al., 2012; Kalogrides and Loeb, 2013).

Researchers have long argued over whether grouping students within classrooms by
prior ability impacts student learning. Although individual studies of ability grouping have
produced mixed results, meta-analyses of many studies have found no overall effect (Slavin,
1990; Steenbergen-Hu et al., 2016). Mixed results across individual studies are somewhat
expected, however, because it is difficult to disentangle the effects of ability grouping from
other phenomena.

Access to effective teachers, for example, may be mediated by classroom assignments
(Clotfelter et al., 2006; Ingersoll, 1999; Kelly, 2004; Player, 2010). In fact, prior studies have
consistently found that more effective teachers were disproportionately assigned to higher
performing students, while less effective teachers were disproportionately assigned to lower
performing students (Aaronson et al., 2007; Kalogrides et al., 2013; Rothstein, 2009). This body
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of literature defined teacher effectiveness in terms of value-added measurements (VAMs), or
the degree to which improvements in students’ test scores over time could be attributed to the
teacher using statistical modeling.Moreover, given the complex relationship between student
performance, socioeconomic status, and race/ethnicity, studies have also found that low-
income and historically disadvantaged minority students were disproportionately assigned
to less effective teacherswithin a school than their peers (Bacher-Hicks et al., 2014; Feng, 2010;
Player, 2010).

The systematic assignment of more effective teachers to higher performing students and
less effective teachers to lower performing students within a school may be the result of
several factors. First, school leaders may attempt to reward or retain effective teachers by
assigning them higher numbers of high-achieving or better behaved students (Player, 2010).
Second, experienced teachers have generally been found to be more effective than novice
teachers, and experienced teachers may have greater autonomy or status to either create or
influence class rosters; not surprisingly, experienced teachers have often preferred to teach
higher achieving students (Burns and Mason, 2002; Clotfelter et al., 2006; Hanushek et al.,
2005; Hopkins, 1999; Jackson, 2014; Kraemer et al., 2011).

As teachers are the most important school-based resource impacting student learning
(Rice, 2003), the practice of assigningmore effective teachers to higher performing students is
problematic to the extent that it yields inequitable access to effective teachers. This practice
may also result in other undesirable outcomes. For example, Feng (2010) found that novice
teachers were more likely to have tougher classroom assignments, and tougher classroom
assignments were associatedwith increased likelihoods that novice teachers left the school or
profession. Tougher classroom assignments, however, had weaker effects for more
experienced teachers. Using data-driven decision-making therefore provides a potential
means to improve the equity of the rostering process for both students and teachers, relative
to more subjective and informal approaches.

How were measures of teacher effectiveness used in the rostering process?
There is some evidence that elementary school leaders have used measures of teacher
effectiveness in the rostering process, although not for the purpose of ensuring equity in
teacher–student assignments. Several studies found school leaders used measures of teacher
effectiveness in terms of VAMs to reassign ineffective teachers out of tested grades and into
non-tested grades (Chingos and West, 2011; Cohen-Vogel, 2011; Fuller and Ladd, 2013;
Goldring et al., 2015). Notably, this practice has proven more prevalent than the converse
strategy ofmoving themost effective teachers fromuntested into tested grades (Cohen-Vogel,
2011; Fuller and Ladd, 2013). Although the goal of reassigning ineffective teachers out of
tested grades was undoubtedly to increase student performance on assessments used for
school accountability, reassigning the least effective teachers to the non-tested and, by
default, the youngest grades in elementary school, has obvious drawbacks as students build
upon their academic knowledge as they progress from one grade to the next.

School leaders could theoretically consider teacher effectiveness in the rostering process
to ensure equitable access to effective teachers, yet there are several potential challenges to
doing so. If teacher effectiveness is measured in terms of VAMs, school leaders may not
understand or trust VAMs and therefore may not perceive them as valid measures (Goldring
et al., 2015). Another issue is the timeliness of VAM data, which typically do not become
available to school leaders until after the start of the school year when class rosters have
already been established. Although school leaders could use prior years’ VAM data, most
appear to be reluctant to do so (Goldring et al., 2015). Perhaps most problematic is that VAM
data may be missing for a large proportion of teachers (Jiang et al., 2015; Master, 2014).

Teacher effectiveness may also be measured on the basis of classroom observations.
Principal ratings derived from classroom observations are the most common teacher
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evaluation method and also assess important teacher skills that are not captured by VAMs
(Goe et al., 2008; Harris and Sass, 2014). A potential drawback to relying on principal ratings,
however, is that these ratings may be more subject to bias, and consequently, less predictive
of student learning gains than those of external, non-peer reviewers (Harris and Sass, 2014;
Measures of Effective Teaching (MET) Project, 2013; Whitehurst et al., 2014). Yet the degree
of bias appears to decrease as the number of years the principal and teacher know each other
increases (Rockoff et al., 2012). In other words, principals appear to more accurately rate
teachers after they have observed the teacher over multiple years.

Taken together, this body of research indicates that consideration of teacher effectiveness
in the rostering process could serve some utility in ensuring equitable access to effective
teachers. However, caution is needed to ensure that the measures of teacher effectiveness
reflect true differences in teacher quality, as opposed to rater bias.

What are considerations for using other teacher characteristics in the rostering process?
An important consideration in the rostering process is whether teachers are differentially
effective with some groups of students. For example, are some teachers more effective with
low-achieving vs high-achieving students? A growing body of research has explored this
question using VAMs (Fox, 2016; Harris, 2009; Loeb and Candelaria, 2012; Papay, 2011;
Reardon and Raudenbush, 2009). In a leading study, Lockwood and McCaffrey (2009)
determined that effective teachers were generally effective with all students, yet 10 percent of
the total teacher effect could be attributed to being particularly effective with students at a
certain ability level.

Researchers have also examined whether teachers were differentially effective with
demographic subgroups of students. Study findings indicate that students may benefit if
assigned to a same-race teacher (Aaronson et al., 2007; Dee, 2004; Egalite et al., 2015;
Gershenson et al., 2017; Yarnell and Bohrnstedt, 2018). Specifically, some studies found
higher student learning gains for black students when assigned to a black teacher (Aaronson
et al., 2007; Dee, 2004; Egalite et al., 2015; Yarnell and Bohrnstedt, 2018). One study even
showed a reduced likelihood of high school dropout and persistence in a four-year college for
low-income black students who had been assigned to at least one black teacher in the third
through fifth grades (Gershenson et al., 2017). The primary interpretation of these findings is
that black teachers provide effective role models and are most sensitive to the backgrounds
and needs of black students, particularly to male students (Yarnell and Bohrnstedt, 2018).
However, such relationships are not necessarily straightforward, given Yarnell and
Bohrnstedt’s (2018) finding that black female (but not male) students equally benefitted
from being assigned to Latino teachers. Studies have also estimated higher learning gains for
white and Asian students when assigned to a same-race teacher, particularly for low-income
students (Dee, 2004; Egalite et al., 2015). Gender may interact with race as well. One study
found that black females had higher learning gains when assigned to a female teacher
(Aaronson et al., 2007).

Prior studies have also explored whether teachers were differentially effective with ELs
and native English speakers. Loeb and colleagues (2014) found that only 4 percent of teachers
were simultaneously rated in both the top performance quintile for ELs and in the bottom
quintile for non-ELs, or vice versa. The authors concluded that, in general, teachers whowere
effective with ELs were also effective with non-ELs. However, teachers who were fluent in
Spanish and held bilingual certification were more effective for ELs than for non-ELs, on
average. Therefore, while there may be modest benefit in strategically matching some
students with some teachers, research suggests that effective teachers are generally effective
with all student subgroups.

Finally, a few studies investigated whether elementary school teachers were differentially
effective in teaching reading andmathematics (Condie et al., 2014; Fox, 2016; Goldhaber et al.,
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2013). For example, Fox (2016) in a simulation found that reassigning elementary school
teachers to the subject of their strength could result in higher student learning gains. The
study also found, however, that the teachers who were the most effective at teaching
mathematics were also the most effective at teaching reading. Therefore, while assigning
elementary school teachers to the subject of their strength may produce modest learning
gains, caution is needed to avoid negative effects on gains in reading.

Should peer effects be considered in the rostering process?
Although teachers have a greater impact on student learning, research has also found that
classroom peers can influence student learning (Burke and Sass, 2013; Figlio, 2007; Horoi and
Ost, 2015; Hoxby and Weingarth, 2005; Imberman et al., 2009; Lefgren, 2004; Liu, 2010;
Sacerdote, 2011; Vigdor and Nechyba, 2007). Several studies have found negative effects on
student learning when students were grouped with concentrations of low-achieving peers,
and conversely, positive effects when students were grouped with concentrations of high-
achieving peers (Burke and Sass, 2013; Domina et al., 2016; Imberman et al., 2009; Vigdor and
Nechyba, 2007). For example, Imberman et al. (2009) analyzed the impact of Hurricane
Katrina on student evacuees’ achievement in grades 3–10 in Houston and found positive
effects from exposure to high-achieving students and negative effects from exposure to low-
achieving students. Similarly, Burke and Sass (2013) analyzed Florida data for students in
grades 3–10 and found a positive relationship between improved student performance and
average peer achievement in every grade and subject, with the exception of middle school
mathematics. Moreover, these peer effects persisted over time (Burke and Sass, 2013).
Similarly, using data from North Carolina, Hoxby andWeingarth (2005) found that exposure
to high-achieving peers in grades 3–8 positively affected student learning. These studies also
produced causal, as opposed to correlational, evidence of peer effects.

Peer effects appeared to be more complicated than a positive relationship between peer
achievement and student performance, however. Burke and Sass (2013) found that low-
achieving students benefitted from higher proportions of mid-achieving students in their
classes. Mid-achieving students benefitted from higher proportions of high-achieving
students in their classes but were hindered by higher proportions of low-achieving students.
High-achieving students benefitted from higher proportions of either high- or low-achieving
students in the class. The authors theorized that teachers may be able to more effectively
target instructionwhen there is a narrower range of student abilities in a given class, and that
students may learn better from peers whose ability level is within range of their own. To
explain why high-achieving students may perform better with higher proportions of low-
achieving students in their classroom, the authors hypothesized that high- and low-achieving
students likely did not work together and thus high-achieving students reaped the benefit of
collaborating with other high-achieving students. Hoxby and Weingarth (2005) similarly
found that students benefitted from high-achieving peers when (1) there was at least a small
proportion of like-ability peers in the class, and (2) there was not a wide disparity in peer
ability in the class. These findings support the conclusion that peer achievement does impact
student learning, but classroom dynamics are complex.

Peer behavior during class may also influence student learning. Using data from the
National Longitudinal Study of Adolescent Health, Hill (2014) found that the probability of a
student failing a middle or high school math course increased with the proportion of
classmates who had previously failed and were repeating the course. Along those lines,
studies have found that misbehaving peers can negatively impact student achievement
(Figlio, 2007; Horoi and Ost, 2015; Sacerdote, 2011). Horoi and Ost (2015), for instance,
analyzed the effect of being in a classroom with potentially disruptive peers (defined as
students with emotional disabilities) and found that even the presence of one emotionally
disabled student caused a decrease in academic performance for students in the class in both
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mathematics and reading. Similarly, Figlio (2007) found that the presence of disruptive
classmates decreased mathematics achievement and increased the probability that the other
classmates would exhibit behavior problems.

Correlational studies have found negative associations between concentrations of minority
and low-income students and student learning (Berliner, 2009; Hanushek et al., 2002; Kahlenberg,
2004; Liu, 2010; Rusk, 2002; Sacerdote, 2011; Van Ewijk and Sleegers, 2010). However, these
studies cannot conclude that concentrations of these student subgroups caused lower
achievement. Van Ewijk and Sleegers (2010) conducted a meta-analysis of socioeconomic peer
effects at the classroom level and found negative associations between student learning gains
and the proportion of low-income students in the class. They also found that students had higher
average achievement when assigned to classes with higher proportions of socioeconomically
affluent peers, regardless of the overall composition of students in their schools.

There are several potential reasons for negative peer effects associated with poverty.
Compared with middle-class students, low-income students are more likely to have worse
health, more school-to-school mobility, less-educated parents, a more limited vocabulary and
fewer critical thinking skills (Rothstein, 2013). Moreover, to the extent that race is related to
poverty, the same findings have occurred for some minority groups. Harris (2006) explained,
“It is not race per se that affects learning, but the conditions under which minority students
are raised and the characteristics of their classmates” (p. 18). It is important to note, however,
that these empirical trends may be confounded with factors other than true poverty- or race-
based peer effects. Researchers have not yet been able to successfully disentangle the extent
to which these student characteristics were related to unmeasured factors, such as implicit
bias of teachers (e.g. teachers who have large proportions of black students in their classes
may unconsciously change their instructional practices and lower their standards)
(Sacerdote, 2011). On the other hand, there is also limited evidence that Latino students
performed better in classrooms when they were not racially isolated (Vigdor and Nechyba,
2007), and the same finding could extend for all minority racial groups.

Finally, studies have shown that higher proportions of female students in a class were
associated with improved learning outcomes for both boys and girls (Hoxby, 2000; Lavy and
Schlosser, 2007; Sacerdote, 2011). Lavy and Schlosser (2007) attributed this positive effect to
greater proportions of female students in the class resulting in a better classroom and
learning environment. Specifically, higher proportions of female students resulted in less
misbehavior, better relationships among teachers and students, more teacher feedback and
individualized instruction, and greater student and teacher satisfaction. In summary, these
findings indicate that peer effects— in terms of achievement, behavior, socioeconomic status,
race, and gender—may be consequential in student learning and therefore potentially worth
consideration in the rostering process.

Discussion
Every year, schools across the country must assign students to particular teachers and
classes. These seemingly routine decisions can have large effects on student learning, given
that teachers are the most important school-based resource impacting student learning and
that classroom peers can influence learning as well (Burke and Sass, 2013; Rice, 2003). This
literature review synthesized research on the use of data-driven decision-making in creating
class rosters. Despite the abundance of data available to practitioners, school leaders and
staffs do not often systematically analyze available data to optimize classroom assignments
or to ensure equitable access to effective teachers (Aaronson et al., 2007; Burns and Mason,
2002; Kalogrides et al., 2013; Kraemer et al., 2011; Rothstein, 2009). This literature review
suggests that data-driven decision-making could serve as a useful tool for improving
classroom assignments.
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School leaders could leverage data-driven decision-making in the rostering process to
improve equitable access to effective teachers, for example. Existing rostering practices may
yield inequitywhen higher performing students are systematically assigned tomore effective
teachers and lower performing students to less effective teachers (Aaronson et al., 2007;
Kalogrides et al., 2013; Kelly, 2004; Koedel and Betts, 2009; Player, 2010). A contributing
factor appears to be the greater ability of experienced and effective teachers to influence their
principals’ decisions on student assignments (Cohen-Vogel, 2011; Grissom et al., 2015;
Kraemer et al., 2011). As a consequence, equitable opportunities to learn decrease and overall
school achievement may be negatively impacted (Loeb et al., 2012). Prior research indicates
that principals have used measures of teacher effectiveness in rostering but only to remove
ineffective teachers from tested grades (Chingos and West, 2011; Cohen-Vogel, 2011; Fuller
and Ladd, 2013; Goldring et al., 2015). School leaders could theoretically examine whether
lower performing students are disproportionately assigned to less effective teachers. This
review also highlights, however, the need to ensure that measures of teacher effectiveness are
trustworthy indicators of teacher quality (Harris and Sass, 2014; MET Project, 2013;
Whitehurst et al., 2014).

School leaders and staffs could also use existing administrative data to examine the
distributions of student achievement within and across classrooms. Even when school staffs
reported efforts to balance classrooms on student characteristics, prior studies found that
classrooms were unbalanced in terms of prior student achievement (Dieterle et al., 2012;
Kalogrides and Loeb, 2013). By gaining awareness of these tendencies, school leaders and
staffsmay consciously increase efforts tominimize negative peer effects thatmay occurwhen
low-performing students are concentrated in any one class (Burke and Sass, 2013; Domina
et al., 2016; Imberman et al., 2009; Vigdor and Nechyba, 2007). School leaders and staffs may
also want to ensure that each student has peers in his/her class with similar achievement
levels (Burke and Sass, 2013).

Another consideration is whether or not school leaders and staffs should strategically
match specific students with teachers to optimize student learning. While research indicates
that effective teachers were generally effective with all student subgroups (Lockwood and
McCaffrey, 2009), prior studies indicate that strategic teacher-student pairings may improve
student learning in some cases. Notably, consistently higher learning gains have been found
in several studies when black studentswere assigned to a black teacher (Aaronson et al., 2007;
Dee, 2004; Egalite et al., 2015; Gershenson et al., 2017; Yarnell and Bohrnstedt, 2018). Along
similar lines, ELs have been found to have greater learning gains when their teachers were
fluent in Spanish and held bilingual certification, although prior research is limited on this
point (Loeb et al., 2014). Applying these findings to rostering, however, is not straightforward.
For example, assigning black teachers a disproportionate number of black students could
create negative effects if classrooms were then imbalanced in terms of other student
attributes (Burke and Sass, 2013; Lavy and Schlosser, 2007; Van Ewijk and Sleegers, 2010).

While findings suggest that data-driven decision-making could improve the outcomes of
the rostering process, systematic, data-driven rostering is not a commonly implemented
practice. As such, any potential changes to routine rostering practices would need to be
weighed against likely constraints concerning practicality of implementation (e.g. availability
of data and capacity for analysis), acceptance by the school community (e.g. parents), and
unintended consequences (e.g. teacher turnover). At this point in time, individual schoolsmay
simply lack the resources and tools for school staffs to systematically analyze existing data
for the purpose of improving class rosters.

Data-driven rosteringmay also prove to be challenging in some contexts for other reasons.
Prior research describes the conditions needed to facilitate data-driven decision-making in
schools. School leaders need ongoing supports and incentives from districts (Anderson et al.,
2010; Hamilton et al., 2009; Marsh, 2012; Snipes et al., 2002). School staffs must be willing to

Data-driven
class rostering

171



engage in data-driven conversations in safe and trusting environments in which norms and
beliefs can be examined (Coburn andTurner, 2011; Ikemoto andMarsh, 2007;Marsh, 2012), as
underlying beliefs about class, race, and gender can pose a barrier to change (Valencia, 2010).
Accordingly, district and school leader support is a necessary, though not entirely sufficient,
ingredient for successful data-driven discussions in schools.

To the authors’ knowledge, this study is the first exploration of data-driven decision-
making in creating class rosters. This literature review identified several variables that could
be used in data-driven rostering (e.g. teacher effectiveness, student achievement, student
behavior, race and gender). A limitation of this review, however, is that it did not include all
topics that may be relevant to the rostering process, such as class sizes. Data-driven rostering
within a school requires further investigation.

This review outlined several ways in which school leaders and staffs could systematically
analyze existing data to make improvements to class rosters, but the viability of these
strategies for applied and expanded use in diverse schools remains untested. Future research
could explore classroom groupings based on selected variables that optimized outcomes
while limiting concomitant negative ripple effects (e.g. concentrations of chronically
misbehaving students assigned to the same class). Additionally, researchers could simulate
the gains or losses in student learning in certain rostering scenarios. Future research could
also seek to understand how effects of specific rostering practices vary across different grade
levels (e.g. elementary, middle, high) and school contexts.

Qualitative research is also needed to determine how school leaders could apply data-
driven decision-making to the rostering process, and how school communities, including
teachers and parents, react to rostering decisions made systematically. Qualitative
research could inform the implementation barriers and unintended consequences of
various rostering strategies, such as re-distributing effective teachers more equitably
within schools, or using student characteristics more systematically to create classroom
assignments. These lines of inquiry suggest the need for mixed-methods studies that
examine both the implementation and impacts of different rostering strategies on
various outcomes. Beyond student achievement, rostering effects on student behavior
and social development, classroom and school climate, and teacher satisfaction should be
explored.

In conclusion, our review of the literature suggests that data-driven rostering has the
potential to yield more equitable outcomes than existing rostering practices. Yet the research
base is limited, and there is not yet adequate research to support the exclusive use of data-
driven rostering on the basis of quantitative data alone. More research on data-driven
decision-making in creating class rosters is needed, along with associated professional
development and guidance for school and district leaders.
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