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Abstract: 
This research examines the relationship between student ratings of school climate and three student outcome variables:
Number of credits earned in one semester, number of days in attendance in one academic year, and number of discipline
referral incidents in one academic year. The research further examines whether these relationships were moderated by school
type. Data were disaggregated by traditional and three types of alternative schools (i.e., innovative, academic remediation, and
behavior-focused). Results indicate that the predictive power of school climate is moderated by school type, thus school climate
is not uniformly predictive of school outcome. Implications of findings are discussed.
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School climate is broadly defined as the quality and character of school life, as perceived by stakeholders in the educational
process (e.g., students, teachers, and community members) (National School Climate Council, 2007). There are multiple
dimensions—or experiences—related to school climate, such as perceptions of safety and academic preparation (Maxwell et al.,
2017). A substantial and growing body of research indicates a positive school climate (e.g., one in which participants view school
favorably) is critical to high quality academic programing and effective behavior management (Freiberg, 1999; Hoy et al., 1991;
Maxwell et al., 2017; Sanders et al., 2018; Sterbinsky et al., 2006; Thapa et al., 2013). As school districts adapt to student
needs, some—especially large, urban districts—offer unique, alternative educational settings. For example, many urban districts
operate innovative learning schools focused on a specific topic area or pedagogy (e.g., performing arts high school).
Concurrently, these districts provide non-traditional students (e.g., young mothers) and students with remedial academic or
behavior needs with individualized placements theoretically designed for them. Although a significant body of research exists
dedicated to school climate, little to no empirical attention is given to the unique climates of alternative schools and other non-
traditional placements in urban school districts.

School climate is a focal point in efforts to boost student performance. For example, the Centers for Disease Control and
Prevention (2009) identified positive school climate as a protective factor that encourages students’ connectedness to their
education and desire to be in school, both of which are predictive of school completion (e.g., Fatou & Kubiszewski, 2018;
Stewart, 2008; Yang et al., 2018). Significant evidence links school climate to academic and behavior outcomes, with effects
extending to students with disabilities and English Language Learners, who are considered most at academic risk (Davis &
Warner, 2018; Sanders et al., 2018). Indeed, numerous scholars assert that without a positive school climate, a high degree of
student success is unlikely (e.g., Cohen et al., 2009; Hoy & Hoy, 2006; Hoyle et al., 1985). Further, some research identifies
positive school climates as powerful enough to relieve many of the negative learning consequences of poverty in urban
communities (e.g., Edmonds, 1979).

Previous research suggests positive climates predict lower rates of problem behavior. For example, schools with climates that
are rated more positively by students and staff report fewer incidences of student misbehavior and the resulting office referrals
(Cohen & Geier, 2010; Lee et al., 2011; Sugai & Horner, 2002). Specific reductions in misbehavior include fewer instances of
aggressive and antisocial behavior (Gregory et al., 2010), fewer episodes of bullying and harassment, (Konishi et al., 2017;
Yang et al., 2018), and fewer reports of in-school violence (Lindstrom-Johnson et al., 2017). In turn, reducing instances of
problem behavior predicts better student outcomes, such as improved attendance and academic achievements, (Bradshaw et
al., 2009; Luiselli et al., 2005; Netzel & Eber, 2003).

This empirical evidence reflects that which scholars have long posited: Students succeed when the environment around them
promotes their success. Throughout the past century, educators recognized that the school environment and perceived climate
are important determinants of the quality of students’ schooling experiences (see Anderson, 1982; Durkheim, 1961; Perry,
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1908). Our research examines how school climate is linked with student achievement within the contexts of differing school
types. Specifically, we addressed the following research questions: (1) Is there a relationship between student ratings of school
climate and the number of credits earned in one semester, number of days in attendance in one academic year, and number of
discipline incidents in one academic year?; and (2) Does type of school enrolled moderate the effect?

Though researchers have long recognized the importance of school context (e.g., Durkheim, 1961), today that context is more
varied than ever before. School districts, especially in larger metropolitan areas, operate a variety of high school settings.
Districts still maintain comprehensive neighborhood schools, generally referred to as traditional schools. Students often attend
traditional schools by default based on geographic boundary. For example, students living on the west side of town would
typically be assigned to West High School. Many urban districts also offer alternative education in the form of alternative schools
in which specific and targeted  curricular content (e.g., STEM) or pedagogy (e.g., cooperative learning) are employed to reach
students with academic or behavioral needs unmet in the traditional setting. Students do not attend alternative schools based on
proximity; rather, students are referred or self-select them (Raywid, 1994). Some alternative schools serve students who are
unsuccessful or disenfranchised with traditional schools, while other alternative schools aim to reach students with particular
skills and offer innovative, subject-bound approaches to learning (e.g., high school of performing arts).

Our conceptualization of alternative schools is based on prior research conducted by Perzigian et al. (2017) and Raywid (1994)
who categorized alternative schools into three specific types: Innovative alternative schools (schools of choice), behavior-
focused alternative schools, and academic remediation-focused alternatives schools. Alternative schools of choice focus on
particular content or pedagogy. Enrollment in these schools often require a rigorous application process, demonstration of skills,
and gained acceptance in order to attend them. Students do not typically enroll due to academic or behavioral failure. Raywid
(1994) described these schools as innovative due to their association with novel and unorthodox teaching approaches, such as
experiential learning, which was uncommon in traditional neighborhood schools during the free school movement of the 1960s
(upon which alternative education today was founded). For our research, we followed Perzigian et al. (2017) and labeled
alternative schools of choice as innovative alternative schools because of their continued association with innovative (e.g.,
unique) teaching pedagogy and curricular focus uncommon in traditional neighborhood schools.

 Conversely, alternative schools to which students are referred, often without choice, focus on modifying challenging behaviors
or providing opportunities for academic remediation (e.g., credit recovery). Schools to which students are referred for challenging
behavior are called behavior-focused alternative schools. The aim of these schools is primarily behavior modification and may
be a student’s final option (i.e., last chance) before expulsion from a district. For example, students are often referred due to
frequent minor behavior infractions (e.g., noncompliance or disrespect) or severe behavior incidents (e.g., fighting, or other
antisocial behaviors causing injury). A third and final type of alternative school is that which provides academic recovery for
students who are credit deficient or are otherwise academically at-risk (e.g., chronic absence). The priority is individualized and
small group instruction aimed to remediate any performance or credit gaps (e.g., credit recovery programing). We refer to these
schools as academic remediation-focused alternative schools. It is important to note that unlike behavior-focused alternative
schools, academic remediation-focused alternative schools do not serve students for disciplinary reasons.

Most research studies investigating perceptions of school climate and the consequences of positive or negative school climates
do not explicitly identify the type of school (i.e., traditional or alternative) in which the research occurred. In fact, a search of
school climate studies across K–12 settings located only one study in which climate specifically in an alternative school was
discussed (see Wisner, 2014). Thus, little is known empirically about the school climate experiences of students enrolled in the
different types of non-traditional placements. Research suggests that positive school climate is particularly important for the
success of students who present academic or behavioral difficulty (Cohen et al., 2009; Felner et al., 1995; Haynes et al., 1997;
Sanders et al., 2018). Considering alternative education serves youth at risk of school failure or who are disengaged in
traditional schools, it is critical to examine perceptions of climate in placements that cater to disengaged youth and to evaluate
the connections between climate and school outcomes.

Methodology

The three outcome variables analyzed in this study were: number of credits earned in one semester (the district in which the
study occurred utilized a two semester system, and all classes are weighted equally within the district high schools) of the 2012–
2013 school year, number of days in attendance (reported as percentage of the 2012–2013 school year in attendance), and
number of discipline referral incidents during the 2012–2013 school year. The study sought to determine if these academic and
behavior outcomes vary in relation to ratings of school climate by and across school types. These specific outcome variables
were chosen because of their wide dependency in school climate literature to measure the impact of positive or negative
climates (e.g., Cohen et al., 2009). Unlike most previous research of this type, the present investigation disaggregated data by
school-type and examined three different categories of secondary alternative settings (i.e., innovative, behavior-focused, and
academic remediation-focused) as well as one category of secondary traditional schools. A traditional school is defined by
default enrollment through boundary or catchment area.
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This study relies on data from two datasets provided by the sample school district. The first dataset consisted of student
responses to the 2012–2013 District School Climate Survey. The District School Climate Survey is provided to students annually
with the purpose of measuring four dimensions of school climate (i.e., rigor, environment, safety, and governance) and total
climate. The second dataset utilized in this study consisted of de-identified student-level data (i.e., attendance, credits earned,
and discipline referral incident count data) for the academic year 2012–2013. To prepare the data for analysis, school climate
and outcome data were merged and aggregated by school to create a single dataset that treated each of the 48 schools in the
study as a case. School-level data included information about each school’s type (e.g., traditional or specific alternative),
measures of school-level academic and behavior outcomes (i.e., attendance percentage, credits accrued, and discipline incident
count data), and aggregated school climate ratings from students.

District Setting

The sample district was chosen for three reasons: its urban setting, its size (it is the largest school district in the state), and the
district’s use of alternative placements. The multitude of different alternative schools utilized by the sample district provided a
necessary context for our research questions; to address specifically the school climates in alternative schools, the sample
district for the study needed to employ several alternative schools within Raywid’s (1994) three categories. Further, the one
traditional and three types of alternative schools studied cover all the school types offered by the sample school district. Census
data indicates the sample school district is located in a city of approximately 750,000 residents with a poverty rate of 20–25%
and a median family income of $35,000–40,000. African American residents are the largest racial group at 40%, followed by
White at 38%, and 17% Hispanic or Latino. Approximately 70,000 K–12 students are served by the sample school district each
year. The state education agency (SEA) indicates 85% of the students are economically disadvantaged (i.e., Free or Reduced
Lunch status). At the time of data collection, approximately 23,000 secondary students were enrolled in the district’s high
schools and approximately 3,500 staff were employed in the district’s high schools. Four types of schools were coded and
examined in this study: traditional schools, and innovative, behavior-focused, and academic remediation-focused alternative
schools (see Perzigian et al., 2017, and Raywid, 1994, for the protocol used to categorize schools). Raywid (1994) identified all
three types of alternative schools as most common in urban environments and integral to the success of students in large school
districts.

Dataset 1: School Climate Data

Ratings of school climate were obtained from a dataset containing results from the 2012–2013 District School Climate Survey.
Items for the survey were created by the district with guidance from a commercial climate survey instrument (see Sebring et al.,
2006). The format of responses to items measuring school climate was originally a five-point Likert scale anchored as follows: 1
= strongly disagree, 2 = disagree, 3 = agree, 4 = strongly agree, and 5 = not sure. Because the rating of not sure is designed to
allow participants to not answer the question if they are unable, we considered answers of 5 to be missing data and removed
those responses from analysis. Thus all data fell along a 4-point scale. The aim of the survey is to provide administrators and
district personnel with stakeholder perspective regarding four specific dimensions of school climate: rigor, safety, environment,
and governance. At the time the climate survey was conceived, the district’s director of assessment elected to focus on these
four climate factors (i.e., dimensions) for the survey as they represent priority areas in the literature and measurement
instruments (see Sebring et al., 2006).

Indeed, all four climate factors assessed by the District School Climate Survey are widely recognized in various school climate
literature. Each climate factor is specifically defined on the survey instrument: rigor is “having academics as a priority and having
high academic standards;” safety refers to “the physical atmosphere, including facility upkeep, as well as discipline;” environment
is “the general atmosphere of the building and those in it as a supportive place to work and learn;” and governance is “the
atmosphere of inclusiveness and strong leadership in decision-making.” The District School Climate Survey definitions of these
four climate factors align with work conducted by Sebring et al. (2006) at the University of Chicago. An example of a student
survey item rating the rigor dimension is, “students in my school focus on learning;” an example of a student survey item rating
the safety dimension is, “I feel safe at my school;” an example of a student survey item rating the environment dimension is, “my
school has a friendly and welcoming atmosphere;” and an example of a student survey item rating the governance dimension is,
“I have the opportunity to help make decisions about my school.” The number of students who completed at least some portion
of the school climate survey was 10,866 and the approximate response rate was 50%.

Missing Data

As noted above, participants were given the option to answer not sure to any item; this is done to avoid forcing a response when
a participant is unsure how to answer it. We elected to treat 5 = not sure as missing data, as there is no reasonable way to
include this item in a Likert scale that addresses level of agreement with statements. For students, there were a total of 5,701 not
sure item responses that were removed.
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The next question we considered was how many items a participant needed to answer for their response to be included in
analysis. It goes without saying that a participant who answered all items should be included, and a participant who answered no
items cannot be included, but what about participants in between? There is no universally recognized criterion for determining
how much missing data is too much, but Warner (2008) posits that cases with substantial amounts of missing data should be
removed prior to running statistical analyses. Given the lack of specific guidance, we decided to exclude participants who
responded to fewer than 80% of the school climate survey items. In our judgment, these participants were either too unsure on
the items presented for us to feel confident we can summarize their responses, too disengaged with the survey to bother filling it
out, or a combination of the two. Using this standard, students had to answer at least 15 out of 18 climate items. We were able
to prioritize responses from participants who completed 80% of more of items because of the large amount of data available:
Even after this exclusion, there remained 8,694 (80.01%) cases available for school climate analyses. Prior work by Perzigian &
Braun (2020, 2021) with the sample district utilized the same exclusion criteria.

Survey Scoring

Climate subscale scores were calculated by averaging responses to items composing those subscales. However, in the case of
the student governance subscale, which was represented by a single item, responses to that single item were used as the
governance subscale score. In order for a subscale score to be calculated, there could not be any missing data relevant to that
subscale. For example, if a student was missing a response to one or more of the items in a dimension, we didn’t compute a
dimension score for that student. The reason for this decision was that most dimensions were represented by only a few items to
begin with, so missing data on even one item presented a challenge to the validity of the dimension score. However, that student
could have had, and most often did have, dimension scores for the other dimensions. Overall school climate scores were
calculated by averaging responses to all available climate items in the survey. Thus, as many as three or four climate survey
items could be missing, but as long as participants responded to at least 80% of the climate items, an overall climate score was
calculated. As discussed further in this chapter, only overall climate scores were analyzed to address the research questions.

Data Screening

School climate data were screened for outliers by standardizing total climate scores and identifying cases with z-scores
exceeding ±3.0 (Meyers et al., 2013). All climate data for these cases were considered extreme and unreliable and were
deleted. Among students, 92 cases were deleted, leaving 8,602 cases (79.16%) for subsequent analysis. The decision to
exclude cases based on extreme scores is a difficult one. In a large dataset such as this one, and given the population from
which participants are drawn, we exclude these extreme scores as a hedge against the possibility that a participant may not
have read the items carefully or given their responses due consideration. For example, a student who dislikes their school may
have chosen to strongly disagree with all items because of this feeling.

Dataset 2: Student Demographic and Outcome Data

This second dataset was comprised of de-identified student-level data for 12,427 secondary students in the sample district and
includes school attended, demographic information, and student academic and behavior outcome data. The student outcome
data included 47 schools with 12,427 students reporting attendance data, 47 schools with 12,427 students reporting incident
count data, and 46 schools with 11,437 students reporting credits earned data. Specifically, the outcome variables examined in
this study were: (a) attendance rates for the 2012–2013 school year for each student in the sample, expressed in percentage
form (missing 40% or more of one school day is reported as one absence), (b) the number of high school credits earned in one
semester by each student in the sample during the 2012–2013 school year, and (c) the number of discipline referral incidents
each student received during the 2012–2013 school year. A discipline referral incident occurs when a student is documented for
committing a behavioral infraction (e.g., breaking a rule). The demographic information included: (a) gender, (b) special
education status, including individual disability category (SPED), (c) free or reduced lunch status (FRL), and (d) race for all
students in the sample.

Demographic Data

Table 1 provides a summary of the demographic characteristics of the 12,427 students in the study. The demographic
proportions in the sample are approximately representative of the total district. Sample sizes and composition vary in
subsequent analyses due to missing data. Student ages ranged from 12 to 20, with a mean of 15.74 years and standard
deviation of 1.25. The single student aged 12 in the study attended an innovative alternative school.

Outcome Data
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Attendance, number of credits earned, and number of reported discipline referral incidents were chosen for use as outcome
variables because they are common measures for assessing student performance and progress. Attendance is a predictor of
attachment and investment to school (e.g., Somers & Gizzi, 2001). Earning credits is required for grade promotion, for
graduation from secondary school, and represents satisfying school academic expectations.

Table 1

Demographic Characteristics of Students in the Study

Demographic Variables N %

Current Grade Level
  

   9 4,516 36.3

   10 2,891 23.3

   11 2,877 23.2

   12 2,143 17.2

Gender
  

   Female 6,109 49.2

   Male 6,318 50.8

Race
  

   African American 7,521 60.5

   Hispanic or Latino 2,592 20.9

   White 1,549 12.5

   Asian 688 5.5

   Native American 77 0.6

FRL Status
  

   FRL 9,153 73.7

   No FRL 2,467 19.9

   Reduced 807 6.5
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Special Education Status
  

   No Disability 9,544 76.8

   Yes Disability 2,883 23.2

School Type Attended
  

   Traditional 4,960 39.9

   Innovative 6,695 53.9

   Behavior-Focused 76 0.6

   Academic Remediation-Focused696 5.6

Total 12,427100

Note. FRL = Free and reduced lunch.

According to the SEA in the state in which the present study was conducted, number of credits earned each year is also used to
determine whether students are considered at risk for school failure or dropout and can be a factor in the referral of students to
alternative settings. Lehr and Lange (2003) and Raywid (1994) noted that lacking credits is a primary reason students transition
to alternative school placements. Frequency of discipline referrals is an indicator of school-wide behavior problems and may
represent degrees of safety (a dimension of climate) perceived by students in the school (Dinkes et al., 2009; Gut & McLaughlin,
2012; Polirstok & Gottlieb, 2006).

Data Screening

The three outcome variables were screened for outliers that could skew the results of subsequent analyses. Scores on the three
variables were standardized and cases were identified whose z-scores exceeded ±3.0. Cases were not deleted in their entirety
because of extreme scores on one or two outcomes. Rather, only the extreme outcomes were deleted and other data were
retained. On the attendance outcome variable, 323 cases were deleted, leaving 12,104 (97.40%) for further analysis. On the
incident count outcome variable, 282 cases were deleted, leaving 12,145 (97.74%) for further analysis. On the credits earned
outcome variable 100 cases were deleted, leaving 11,337 (99.13%) for further analysis.

Extreme scores (i.e., outliers) were deleted because they are for students with exceptionally unusual outcomes or may be errors
in the data. Retaining these records can distort statistics calculated from the data (e.g., means, variances, correlations). A
normal distribution is assumed in most statistical analyses, including analysis of variance (ANOVA) and multiple regression, as
skewed data distort the statistics and introduce noise into the interpretation of the results (Meyers et al., 2013). Descriptive
statistics for the three outcome variables (following removal of outliers) are provided in Table 2.

Table 2

Descriptive Statistics for Outcome Variables

Outcome Variable N Min Max M SD SkewnessKurtosis
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Attendance Percentage12,10424.32100.0085.3716.42−1.667 2.257

Incident Count 12,1450.00 12.00 0.93 1.98 2.902 9.047

Credits Earned 11,3370.00 7.06 2.69 1.34 0.344 0.251

Screening for Multivariate Outliers

Outcome data were previously screened for univariate outliers, but cases can display typical scores on each of several individual
variables and yet still be multivariate outliers (i.e., their pattern of scores on the collection of variables marks them as unusual).
To screen for multivariate outliers, Mahalanobis distances were calculated for each case using the three outcome variables in
the study—attendance, incidents, and credits earned. These Mahalanobis distances were then evaluated using the chi-square
distribution with degrees of freedom equal to the number of variables used in calculating those distances (3) and α = .001
(Meyers et al., 2013). The critical value of χ2 = 16.266 was met or exceeded by 45 cases and all outcome data for these cases
were eliminated from further analyses. With the elimination of these multivariate outliers, 12,059 scores on attendance (97.04%
of the students for whom attendance data was reported), 12,100 scores on incidents (97.37%), and 11,292 scores on credits
earned (98.73%) remained for further analysis. Descriptive statistics for the transformed and screened outcome variables are
shown in Table 3.

Table 3

Descriptive Statistics for Outcome Variables Following Data Transformation and Screening

Outcome Variable N Min Max M MdnSD SkewnessKurtosis

 
Valid Missing

       

Log10attendance

Percentage
12,059368 0.001.880.960.950.47−0.10 −0.72

Recip-Incident Count12,100327 0.081.000.791.000.31−1.01 −0.69

Credits Earned 11,2921135 0.007.062.693.001.33−0.39 0.25

Statistical Analysis

The research questions were addressed with a series of three standard multiple regression analyses using student climate
ratings and outcome data aggregated to the school level. Schools served as cases in the analyses. It was hypothesized that
academic and behavior outcomes are related to ratings of climate, regardless of school type: Schools with higher-rated climates
will show greater attendance, fewer incidents, and more credits earned in 2012–2013. Three analyses (one using attendance as
the dependent variable, a second using incidents as the dependent variable, and a third using credits as the dependent variable)
were performed using student overall climate data, school type (dummy variable coded), and the appropriate student climate by
school type product variables to assess the moderating effect of school type. The tests within each multiple regression analysis
—two main effects and the interaction effect—are statistically independent, and so required no adjustment to control for Type I
error rate (just as the each of the main effects and interaction effect in a factorial ANOVA are independent and can all be tested
at the p = .05 level of significance).

Tests of the significance of the interaction term beta weights were used to determine if type of school moderates the relationship
between climate and academic outcomes. In analyses that showed significant interaction terms, the nature of the interaction
was evaluated by looking at the simple slopes. In analyses that showed no significant interaction effects, the interaction terms
were dropped from the analysis and the regression analysis was performed again to evaluate the main effects of climate and
school type on student outcome.
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The three analyses differed in that each used a different student outcome variable. The first analysis examined attendance
(represented by log10attendance); the second analysis examined discipline referral incidents (represented by recip-incidents);
the third analysis examined credits (in raw score form). The results of each analysis are discussed in the next section.

Attendance

Listwise deletion of missing data left 45 schools available for the first analysis, which examined attendance as the dependent
variable and independent variables student overall climate ratings, school type (dummy variable coded), and the climate by
school type product variables needed to assess the interaction effect. The climate variable in each of these product variables
was centered; that is to say, the mean on student overall climate was subtracted from each student climate score as
recommended by Aiken and West (1991).

No interaction effect was hypothesized and none of the t-tests for the significance of the interaction term beta weights
approached significance. Consequently, as recommended by Allison (1999), the analysis was repeated without the interaction
terms in order to focus on the main effects of student climate ratings and type of school. Student climate ratings and type of
school predicted 42.5% of the variance in log10attendance, F(4, 40) = 7.394, p < .001. The model is summarized in Table 4.

In predicting attendance, students’ ratings of overall school climate added significant unique explained variance beyond that
explained by type of school, β = −0.325, t = −2.608, p = .013. As the log10attendance is an inverse measure of attendance, the
negative beta weight indicates that, as ratings of climate improved, attendance also improved. In other words, students who
provided higher school climate ratings also had better attendance. Given that student climate ratings added significantly to the
prediction of attendance in this model, one would expect to find climate significantly correlated with attendance, but that was not
the case. The correlation between student climate ratings and log10attendance was nonsignificant, r(43) = −.183, p = .114. This
pattern of a significant beta weight associated with student climate ratings combined with a nonsignificant correlation between
student climate ratings and log10attendance indicates that climate acted as a suppressor variable in the model. Meyers et al.
(2013) explain that suppressor variables work by “…correlating with what is usually thought of as a source of error in another
predictor. [In this way] the suppressor variable helps purify that predictor and thereby enhances its predictive power” (p. 182).

Table 4

Regression Coefficients and Tests of the Predictors in the Multiple Regression of Log10attendance on Student Climate Ratings
and School Type

School Type Unstandardized CoefficientsStandardized Coefficientsp

 
B SE β t

 

Constant 2.165 0.454
 

4.767 .000

Overall Climate Rating −0.406 0.156 −0.325 −2.608 .130

Innovative −0.027 0.156 −0.052 −0.308 .760

Behavior-Focused 0.510 0.142 0.482 3.531 .001

Academic Remediation-Focused 0.261 0.095 0.466 2.744 .009

School type was also a significant predictor of attendance. Each unstandardized regression weight in Table 4 reflects the
difference between the mean attendance of the corresponding school type and the mean of the reference group (traditional
schools), and the t-tests of the beta weights in Table 4 test the significance of those group differences. One or more significant
beta weights associated with the school type dummy variable indicates a significant between-group difference and signals the
presence of a main effect of type of school. However, the interpretation of these t-tests is complicated by the fact that each tests
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the difference between a school type group and the reference group while controlling statistically for the influence of climate on
the dependent variable. Additionally, not all pairwise group differences that might be of interest are tested. Given these
complexities, the simplest and most complete picture of the relationship between school type and attendance is provided by
shifting the focus to a comparison of school type group means on the attendance variable using a one-way ANOVA.

Table 5 provides descriptive statistics for both raw score attendance and log-transformed attendance for each of the four school
types. A one-way ANOVA was used to compare the school type means on attendance. Data from 47 schools were available for
the analysis. The analysis found a significant effect of school type on attendance, F(3, 43) = 8.019, p < .001. Two differences
were significant using the adjusted .017 level of significance: traditional vs. behavior-focused and innovative vs. behavior-
focused. Both traditional and innovative schools had significantly higher rates of attendance than behavior-focused schools.
Table 6 shows post-hoc comparisons of school types on attendance.

Table 5

Raw Score and Log-Transformed Attendance as Function of School Type

School Type Raw AttendanceLog10attendance

 
n M SD n M SD

Traditional 8 83.90 6.03 8 0.99 0.19

Innovative 20 85.82 6.96 20 0.96 0.24

Behavior-Focused 4 62.08 3.48 4 1.48 0.06

Academic Remediation-Focused15 76.30 8.41 15 1.19 0.23

Table 6

Post-Hoc Comparisons of School Types on Attendance

School Type Comparison Mean Difference p

Traditional vs. Innovative −1.92 .999

Traditional vs. Behavior-Focused 21.82 .005

Traditional vs. Academic Remediation-Focused 7.60 .336

Innovative vs. Behavior-Focused 23.74 .001

Innovative vs. Academic Remediation-Focused 9.52 .024

Behavior-Focused vs. Academic Remediation-
Focused −14.22 .130

Note. The table shows differences in raw scores, but log-transformed scores were used in performing the pairwise post-hoc
comparisons. All p values in this table are Bonferroni adjusted and two-tailed.
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Incidents

Listwise deletion of missing data left 45 schools available for the second analysis, which examined number of discipline referral
incidents (represented as recip-incidents) as the dependent variable and independent variables student overall climate ratings,
school type (dummy variable coded), and the climate by school type product variables needed to assess the interaction effect.
The climate variable in each of these product variables was centered (i.e., the mean student overall climate was subtracted from
each student climate score).

A statistically significant 61.7% of the variance in recip-incidents was explained by the main and interaction effects, F(7, 37) =
8.526, p < .001. The model is summarized in Table 7. It can be seen there that the beta weight associated with one of the
interaction terms was significant, (β = 6.722, t = 3.527, p < .001) indicating the presence of a significant climate by school type
interaction effect (i.e., school type moderated the relationship between student climate and incidents). In other words, the
relationship between school climate and incidents is not the same across all school types.

Table 7

Regression Coefficients and Tests of the Predictors in the Multiple Regression of Incidents Reported on Student Climate Ratings and
School Type

School Type Unstandardized Coefficients Standardized Coefficients p

 
B SE β t

 

Constant 0.464 0.458
 

1.014 .317

Overall Climate Rating 0.121 0.158 0.155 0.763 .450

Innovative −0.840 0.588 −2.576 −1.430 .161

Behavior-Focused −0.036 2.359 −0.055 −0.015 .988

Academic Remediation-Focused −2.427 0.651 −6.931 −3.728 .001

Overall Climate by Innovative 0.286 0.203 2.565 1.414 .166

Overall Climate by Behavior-Focused −0.074 0.797 −0.339 −0.093 .926

Overall Climate by Academic
Remediation-Focused 0.776 0.220 6.722 3.527 .001

The R2 contribution of the climate by school type interaction effect in this analysis was 13.67% and the presence of the
interaction effect means that the strength of the relationship between climate and recip-incidents differed significantly from one
school type to the next. In other words, the strength of the relationship between climate and incidents earned differed
significantly from one school type to the next. Figure 1 captures the nature of this interaction effect by graphing the simple
slopes (i.e., the regression lines of recip-incidents on climate under each level of type of school). Figure 1 shows that climate
was more strongly associated with recip-incidents in innovative and academic remediation-focused schools than in traditional
and behavior-focused schools. All schools showed a general pattern of better climate ratings associated with fewer incidents.
Innovative and academic remediation schools showed the sharpest decrease in incidents as school climate ratings increased.
Table 8 provides additional information about each of the simple slopes, including Pearson correlations between climate and
recip-incidents, regression constants, regression weights, and t-tests for the significance of the regression weights. It should be
noted that positive slopes, positive correlations, and positively signed regression weights all indicate negative relationships
between climate and reported incidents because recip-incidents is inversely related to the raw score incidents variable.
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Table 8

Tests of the Significance of the Simple Slopes for the Regression of Recip-Incidents on School Climate for Each of the Four
School Types

School Type
  

Simple Slopes

 
n r Constantb t df p

Traditional 8 .4230.82 0.120.7637 .450

Innovative 20 .5840.82 0.413.2337 .003

Behavior-Focused 4 .0580.57 0.050.0637 .480

Academic Remediation-Focused15 .8510.68 0.905.8837 <.001

Note. All p values in this table are two-tailed.

Figure 1

Simple Slopes for The Regression of Recip-Incidents on Student Climate Ratings for Each of the Four School Types

The climate by school type interaction effect precludes making sweeping statements about the influence of climate on incidents,
as this effect was moderated by type of school.

Credits

Listwise deletion of missing data left 44 schools available for the third analysis, which examined credits earned in one semester
as the dependent variable and independent variables student overall climate ratings, school type (dummy variable coded), and
the climate by school type product variables needed to assess the interaction effect. The climate variable in each of these
product variables was centered (i.e., the mean student overall climate was subtracted from each student overall climate score).
A statistically significant 44.6% of the variance in credits earned was explained by the main and interaction effects, F(7, 36) =
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4.141, p = .002. The model is summarized in Table 9. As seen in that table, the beta weight associated with one of the
interaction terms in the model was significant, (β = 11.562, t = 2.611, p = .013), indicating that the climate by school type
interaction effect contributed a significant portion of the explained variance in credits earned.

Table 9

Regression Coefficients and Tests of the Predictors in the Multiple Regression of Credits Earned on Student Climate Ratings
and School Type

School Type Unstandardized Coefficients Standardized Coefficients p

 
B SE β t

 

Constant 0.526 2.668
 

0.197 .845

Overall Climate Rating 0.736 0.923 0.195 0.797 .431

Innovative −2.313 3.485 −1.463 −0.664 .511

Behavior-Focused −37.172 13.744 −11.966 −2.705 .010

Academic Remediation-Focused −4.496 3.792 −2.674 −1.186 .244

Overall Climate by Innovative 0.807 1.204 1.483 0.670 .507

Overall Climate by Behavior-Focused 12.115 4.641 11.562 2.611 .013

Overall Climate by Academic
Remediation-Focused 1.351 1.282 2.438 1.054 .299

The R2 contribution of the climate by school type interaction effect was 11.2% and the presence of the interaction effect means
that school type moderated the relationship between student climate ratings and credits earned. In other words, the strength of
the relationship between climate and credits earned differed significantly from one school type to the next. Figure 2 captures the
nature of this interaction effect by graphing the simple slopes (i.e., the regression lines of credits earned on climate under each
level of type of school). It can be seen in Figure 2 that climate was most strongly associated with credits earned in behavior-
focused schools and least associated with credits earned in traditional schools. Table 10 provides additional information about
each of the simple slopes, including Pearson correlations between student climate ratings and credits earned, regression
constants, regression weights, and t-tests for the significance of the regression weights.

Table 10

Tests of the Significance of the Simple Slopes for the Regression of Credits Earned on School Climate for Each of the Four
School Types

School Type
  

Simple Slopes

 
n r Constantb t df p

Traditional 8 .4882.69  0.74 0.8036 .431
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Innovative 19 .4272.75  1.54 2.0036 .053

Behavior-Focused 3 .9971.11 12.852.8336 .008

Academic Remediation-Focused14 .5052.16  2.09 2.3536 .025

Note. All p values in this table are two-tailed.

The climate by school type interaction effect precludes sweeping statements about the influence of climate on credits earned, as
this effect was moderated by type of school.

Figure 2

Simple Slopes for the Regression of Credits Earned on Student Climate Ratings for Each of the Four School Types

Results and Discussion

School climate experienced a resurgence in the literature during the last two decades as an essential component of school
reform policy, in part because of increased national focus on educational accountability (Cohen et al., 2009; Sanders et al.,
2018). The importance of school climate on student achievement was noted by Hoy and Hoy (2006) who asserted that school
outcomes are best examined when considering the climates from which they came.

School climate is a critical factor in the achievements of students, especially for those who struggle most academically and
behaviorally as well as for students with disabilities. For example, a series of studies that investigated characteristics of good
high schools for students with disabilities (Brigham et al., 2006) established common climate characteristics, including
perceptions of high academic press, safety, and inclusive environments. A recent study by Sanders et al. (2018) found that the
relation of school climate ratings and academic achievement is stronger for students with disabilities than for their peers without
disabilities. These results suggest that perceptions of school climate may be particularly important for students most at risk of
school failure. Further, as noted, students with disabilities or are otherwise at risk are most likely to be overrepresented in
specific alternative school settings, such as behavior-focused and academic remediation-focused schools. (Perzigian et al.,
2017; Wilkerson et al., 2016). This study adds to the literature by disaggregating and examining relationships between student
perceptions of school climate and three student outcome variables in different school types. Most school climate and student
outcome research does not specifically address type of school, yet it is necessary for the field to understand the unique context
of alternative education and the climate impetus for achievement.

13



We hypothesized that each outcome is related to student ratings of climate, regardless of school type: Schools with higher-rated
climates will show greater student attendance, fewer student discipline referral incidents, and more credits earned. The
hypothesis was rejected, as climate ratings did not universally predict student outcomes, as detailed below.

Student climate ratings did not predict attendance; they mathematically enhanced the predictive effectiveness of school type by
serving as a suppressor variable. In other words, climate did not carry any predictive power of its own but did provide value in
this model by enhancing the predictive effectiveness of school type. Ratings of school climate did covary with attendance,
however: as ratings of climate improved, attendance also improved. Our analysis found significant differences in attendance by
school type. Traditional and innovative schools showed approximately equal, high levels of attendance, behavior-focused
schools showed the lowest levels of attendance, and the mean for academic remediation-focused schools fell between those
two extremes. Two differences were significant: traditional vs. behavior-focused schools and innovative vs. behavior-focused
schools.

Students’ climate ratings were predictive of discipline referral incidents in two school types: innovative and academic
remediation-focused alternative schools. In both of these school types, better climate ratings were associated with fewer
incidents. By contrast, in traditional schools the number of behavioral incidents was relatively uniform and low regardless of
school climate ratings; in behavior-focused alternative schools, it was similarly uniform and high.

There is a notable trend in this finding, in that students’ perceptions of climate predicted frequency of behavior incidents in
schools of choice (innovative and academic remediation-focused alternative schools), but not in schools that students attend by
default or referral (traditional or behavior-focused alternative schools). This suggests that the environment in which students
learn may be especially critical when they elect to attend a particular school, rather than defaulting or referral into the setting. In
contrast, the outcomes of students attending zoned or remedial schools seem to be less influenced by school climate.

It is logical that students would be more academically engaged in settings in which they feel comfortable. Prior research has
documented this phenomenon (e.g., Cohen et al., 2009; Cotton, 1996). It is interesting, however, that student climate ratings
were unrelated to incidents in traditional and behavior-focused alternative schools. What might be the climate characteristics in
behavior-focused settings that negate the positive benefits of feeling good toward school? Conversely, what characteristics of
traditional schools might protect against negative behavioral impacts of viewing school poorly?

Type of school also moderated the relationship between ratings of climate and credits earned: School climate was most strongly
associated with credits in behavior-focused and academic remediation-focused alternative schools and least associated with
credits earned in traditional schools. This trend suggests that school climate is particularly important for the academic success of
students who are most at risk for academic failure: those who have been referred out of traditional settings due to behavioral
challenges and students who have fallen behind their peers in accruing credits toward graduation. By contrast, the majority of
students in innovative and traditional schools appear to earn high numbers of credits with only a small range of variation due to
school climate. These results indicate that behavior-focused and academic remediation-focused alternative schools have the
potential to be academically transformative for the most at-risk students, provided that a positive school climate exists within
them.

It is worth noting that, in type of school analyses, students in behavior-focused alternative schools earned fewer credits than
students in other types of schools, including significantly fewer than students in traditional and innovative alternative schools. It
is disappointing that students who may need the most intensive supports fall short in credits earned in comparison to their peers
in other settings. Previous research has widely documented the relationships between negatively perceived school climate,
difficult behavior, and poor academic performance (e.g., Cohen et al., 2009; Lane et al., 2008; Nelson et al., 2004). Thus, it is
important for students who attend remedial alternative schools to have access to even more positive climates and increased
academic support, rather than static or potentially decreased support or climates similar to the ones from which they have been
removed.

Overall, the analysis of data in this study suggests that student perceptions of school climate does not uniformly predict specific
outcome measures. Rather, school type plays an integral role in the effect of school climate on these outcomes. Though beyond
the scope of this study, subsequent examination of school-level factors in different school types that impact both climate and
student outcome is necessary.

Limitations and Recommendations for Further Research

This study is an important first step toward understanding the ways in which school climate may predict student outcome in
different school types. This is the first study to specifically analyze school climate in one urban district across traditional and
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alternative school settings, and the finding that school climate does not uniformly predict student achievement is notable.
However, there are several issues related to school climate and alternative education that merit further research. A small
number of behavior-focused alternative schools was represented in the survey data; further research is needed in a district that
can provide more data from behavior-focused alternative schools. A larger sample would provide the improved statistical power
needed to better understand the predictive climate characteristics of this important school category. Future research should
examine the relationship between student outcomes and the perceptions of climate as rated by parents affiliated with the school
and staff working within them. These other stakeholder perspectives may inform policy and student movement between school
placements.

While data availability was limited, additional research in this area could yield interesting and important findings if climate data
from multiple years were analyzed in conjunction with student outcome data. A longitudinal study of climate and outcomes could
reveal interesting patterns. For example, is there evidence that climate improvements are followed by outcome improvements?
How long is the lag? How quickly do students respond to a changed climate when they are moved from one school to another?
Do students enrolled in settings with consistently highly rated climates have better outcomes regardless of school type? Findings
related to duration of enrollment in schools with varying types of climates may provide further information regarding students’
experiences than the findings of this study, which utilizes data from a single time point.

Choice in the selection of a sample school district was limited. In order to obtain the data needed to support the analyses
planned for this study, the selected district needed to provide both school climate data and also student outcome data, and not
all school districts collect data this extensive. An additional limitation is the low number of behavior-focused alternative schools
represented in the study. The sample district operates eight behavior-focused alternative schools, but missing data and loss of
data to statistical cleaning resulted in three behavior-focused alternative schools being included in the analysis. This number
certainly limited results of the analysis due to low statistical power; including a larger sample of behavior-focused alternative
schools in the analysis would strengthen both the statistical power and external validity of the study. Finally, though it was
beyond the scope of this study to analyze whether climate predicts behavior or behavior is the catalyst for climate in alternative
schools, it would be a welcome addition to this line of scholarship.
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