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ABSTRACT

EXAMINING THE PREDICTIVE VALIDITY OF THE STRENGTHS AND DIFFICULTIES
QUESTIONNAIRE USING OFFICE DISCIPLINE REFERRALS
By

ASHLEY J. SALMON

April 19, 2018

INTRODUCTION: There has been a demand for processes and appropriate tools to identify and
route students with challenging behavior to the proper school-based supports. However, there is
also a need for intuitive outcome measures that are feasible to be used in school settings.

AIM: In this study, we aim to assess the predictive validity of the Strengths and Difficulties
Questionnaire (SDQ) using office discipline referrals (ODRs), a valid metric of student behavior.

METHODS: A series of non-parametric count models were used for analysis including Poisson
(P), Negative Binomial (NB), Zero-Inflated Poisson (ZIP), and Zero-Inflated Negative Binomial
(ZINB) models. These approaches were used to examine whether the internalizing and
externalizing scales from the SDQ, administered at the beginning of the year, predicts total
ODRs by the end of the year, even when controlling for the first 3 months of ODRs.

RESULTS: The ZINB model was chosen as the final model, as it had the best model fit (AIC).
Our findings indicate that the SDQ’s internalizing and externalizing subscales are significant
predictors of ODRs. Specifically, the internalizing scale was a significant negative predictor of
total ODRs, while the externalizing scale was a significant positive predictor of total ODRs.
Additionally, the externalizing scale is a significant negative predictor of excess zeros in ODRs.

DISCUSSION: Findings from our study suggest that the SDQ is a psychometrically valid tool
with predictive utility in relationship to an outcome of interest in schools across an array of
statistical approaches. Future studies should validate the SDQ with other samples.
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Introduction

Mental health difficulties in young people are of increasing concern because of their
relationship to problem behavior, delinquency, substance abuse, educational attainment, and
other public health concerns (Irvin et al., 2004; Esin et al., 2015; Eklund et al., 2017; Polgar et
al., 2016). With as many as 1 in 5 young people developing mental health disorders in their
youth (Burns, et al., 2016), it is imperative that early identification systems are established to
help route children with mental health conditions to qualified professionals for intervention,
thereby reducing the larger impact these conditions could have for the young person and their
communities (Jones et al., 2002; Burns, et al., 2016). Calls for such systems and processes are
not only coming from clinical professionals, but also from economists and policymakers who
understand the negative impact of mental health difficulties on children’s development and
educational outcomes, which may have continued influence well into adulthood (Burns, et al.,
2016).

Schools are increasingly considered an ideal place to implement preventive programs as
most children attend school regularly and are likely to receive their initial identification and
mental health support in school settings (Esin et al., 2015; McKown et al., 2016; & Doll et al.,
2017). According to The White House (2013), schools can be helpful for ensuring students and
young adults receive the necessary treatment for mental health issues that they need.
Specifically, this report emphasizes schools as sources of early identification, referral for
treatment, training for schoolteachers in early detection, and response to mental illness and
clinical training.

To ensure students with behavior challenges get the necessary supports they need, they

must first be identified. Many schools employ educators trained in mental and behavioral health
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who could contribute to a preventive mental health intervention (Bradshaw et al., 2008).
Currently, federal regulations require that students are monitored and screened to identify mental
health needs for special education services, such as psychosocial supports, particularly if there
are negative educational impacts (IDEA, 1997). The Individuals with Disabilities Education
Improvement Act (2004) allows educational agencies to use a response to intervention (RTI)
model to aid in the identification of students with challenging behaviors. This current system
includes problem-solving (Ikeda et al., 2002), response to instruction (Vaughn, Linan-
Thompson, & Hickman, 2003), and standard protocol approaches (Vellutiono et al., 1996).

In recent years, three-tier RTI models have grown in use to deliver academic (Kame’enui
& Carnine, 1998) and behavioral (Walker et al., 1996) support. Three-tier RTI models are unique
in their emphasis on remediation of problem behavior as well as a key focus on preventive
measures yielding a continuum of behavior support ranging from universal strategies focused on
prevention for all students, to highly coordinated, individualized student interventions for those
with more severe behavior challenges (McIntosh, Campbell, Carter & Dickey, 2009; Mclntosh,
Chard, Boland, & Horner, 2006). When supports are effective, about 80 to 90 percent of students
will thrive from universal strategies (Sugai, Horner, & Gresham, 2002).

Tier 1 (universal strategies) strategies allow teachers to reward expected academic and
social behaviors all while providing a structured environment promoting success (Lewis &
Sugai, 1999). Examples of tier 1 strategies are defining and teaching school expectations,
recognizing proper student behavior (Sugai et al., 2002), and providing active oversight of areas
outside of the classroom (Colvin, Sugai, Good, & Lee, 1997). Of those students receiving
individualized supports, 5 to 15 percent receive secondary-level (Tier 2) interventions which

focuses on those who are at risk for problem behavior, while tertiary-level (Tier 3) interventions



Salmon 8

target 1 to 7 percent of students who present problem behavior that is more chronic (Crone &
Horner, 2003; Sugai, Horner, & Gresham, 2002). Tier 2 supports include social skills
interventions (Gresham, 2002) and behavior programs utilizing daily report cards (Hawkin &
Horner, 2003), while tier 3 strategies are implemented on the basis of a functional behavior
assessment providing highly, individualized supports (Crone & Horner, 2003).

Continuous monitoring of student progress helps inform decisions regarding student
placement within the three-tier model (McIntosh, Campbell, Carter & Dickey, 2009). All
students continue to receive universal supports even when receiving additional Tier I and Tier II
supports so that a student may be removed from additional supports in the absence of its need
(MclIntosh, Chard, Boland, & Horner, 2008). The purpose of school-based universal screening is
to identify children with emerging mental health and behavioral concerns in order to provide
intervention and services before a referral process is necessary (Feeney-Kettler, et al., 2010, Gall
et al., 2000; Eklund et al., 2017; Kaminski & Good, 1998). This approach to intervention allows
students to receive instruction in a more fluid environment aiding in the transition up and down
levels of support (Walker et al., 1996). Yet, more is needed to ensure successful early
identification and routing to school-based mental health services (Lean & Colucci, 2013). These
innovative service models will need to provide coordination of care from universal screening to
school-based intervention engaging all key stakeholders to accurately assess the existing mental
health needs of children in school settings (Doll et al., 2017).

There are a wide variety of universal screeners available, each with their own strengths
and weaknesses (Cullinan & Epstein, 2013; Feeney-Kettler et al., 2010; Kamphaus et al., 2010;
Dowdy et al., 2016; Jenkins et al., 2014). The majority of screeners have established good

metrics for predictive validity indices and internal reliability (Walker et al., 1995; Squires,
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Bricker, & Twombly, 2003; Lovibond & Lovibond, 1995; Rusby et al., 2007; Hartman et al.,
2017), however, some studies report weak findings for those metrics (Pelham, Gnagy,
Greenslade, & Milich, 1992; McDougal et al., 2011). Other screeners like the Behavioral
Assessment System for Children, 2™ Edition Behavioral and Emotional Screener System
(BASC-2 BESS; Reynolds & Kamphaus, 2007) have numerous studies that establish acceptable
to strong predictive validity (Feeney-Kettler et al., 2010; Kamphaus et al., 2010; Dowdy et al.,
2016; Jenkins et al., 2014). However, some universal screeners target very young age groups
(Walker et al., 1995; Squires, Bricker, & Twombly, 2003; Feeney-Kettler, Kratochwill, &
Kettler, 2009) or have yet to be validated at the middle/high school level (Walker & Severson,
1992), while some are more expensive than many school systems can afford (Reynolds &
Kamphaus, 2007; Walker & Severson, 1992).
Strengths and Difficulties Questionnaire

The Strengths and Difficulties Questionnaire (SDQ; Goodman, 1997), in particular, is a
cost-free emotional and behavioral screening questionnaire validated for grades K-12 (Goodman,
2001). It is widely used for measuring child adjustment in relation to mental health problems
utilized in clinical assessments, epidemiological studies, and survey research (Keller et al.,
2017). As such, it could potentially be utilized as a universal screener in school settings. It is a
well-established 25-item, Likert response survey that can be completed by parents, teachers, or
self-reported by children between the ages of 11 and 17 years old that is based on fundamental
domains of child symptoms described by the Diagnostic and Statistical Manual of Mental
Disorders (DSM-1V) (Keller et al., 2017). It is derived from a child’s strengths and deficits in
five speculative core dimensions namely, Emotional Problems, Conduct Problems,

Hyperactivity/Inattention, Peer Problems, and Prosocial Behavior, and upon completion of the
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questionnaire, a total difficulties score (TDS) is obtained by summing up the scores for the four
problem subscales, intentionally excluding the Prosocial score (Goodman, 1997).

In total, 15 items reflect problems (Ortufio-Sierra et al., 2015) that can be categorized into
internalizing and externalizing problem behavior. Based on the literature on the five subscales,
Emotional Problems and Peer Problems, which produces the internalizing score, have acceptable
to good internal consistency, while Conduct Problems and Hyperactivity/Inattention, which
produces the externalizing score, have acceptable to good internal consistency (Keller et al.,
2017). The SDQ as a whole had acceptable to good internal reliability (Goodman et al., 1998;
Goodman, 2001; Goossens et al., 2016). The SDQ had high predictive validity indices when
predicting teacher ratings, daily behavioral performance, and quarterly grades (Owens et al.,
2015) and low predictive validity indices when predicting a DSM-IV diagnosis and ADHD
(Jenkins et al., 2014; Rimvall et al., 2014).

Office Discipline Referrals

Three-tier models require continuous progress monitoring (Mclntosh, Campbell, Carter
& Dickey, 2009). However, there is a demand to provide intuitive outcome measures related to a
range of behavioral concerns to identify specific aims for intervention (Mclntosh et al., 2009;
Predy et al., 2014). Office Discipline Referrals (ODRs), in particular, are often used broadly in
school settings as disciplinary action for students with challenging or problem behavior (Martell
et al., 2010; Pas et al., 2011; MclIntosh et al., 2010). According to Sugai et al. (2000), an ODR is
“an event in which (a) a student engaged in a behavior that violated a rule/social norm in the
school, (b) a problem behavior was observed by a member of the school staff, and (c) the event
resulted in a consequence delivered by administrative staff who produced a permanent (written)

product defining the whole event”. ODRs are often used in progress monitoring to evaluate the
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impact of interventions and school policies (Sugai et al., 2000), for monitoring student behavior
(Irvin et al., 2004; Pas et al., 2011), and as measures of decision making for student support
services (Irvin et al., 2006; Mclntosh et al., 2010).

A key advantage of using ODRs is the ability to sample behavior that would otherwise be
problematic to directly observe (Mclntosh et al., 2009), such as low-frequency, high-intensity
problem behavior (Sprague, Horner, & Walker, 1999), due to the vast amount of time needed to
produce accurate behavioral rates (Mclntosh et al., 2009). Therefore, the records of ODR
receipts provide for analysis of behavior in a more pragmatic way as opposed to observing
students and waiting for the behavior to surface (McIntosh et al., 2009). ODRs also help inform
school staff in the decision-making process through the documentation of student name, referring
teacher, time of day, and nature/location of the problem behavior (Irvin et al., 2006). Through the
assessment of referral patterns, the information gathered in ODRs help school staff with
constructing and cultivating universal intervention programs as well as allowing school
personnel to evaluate school safety status and behavioral climate (Sugai et al., 2000).

Although ODRs are useful for the purposes of mental health concern identification, they
are limited. Since about 20% of students develop mental health issues (Burns, et al., 2016), using
ODRs leaves the majority of students unidentified. “Research strongly suggests that 80 to 90
percent of children respond well to simple, school-wide discipline policies that emphasize good
behavior” (Cortese, 2007, p. 7). With the majority of students unaffected by problem behavior,
one would anticipate a low variability of ODRs causing it to be more difficult to make
inferences. Also, with the nature of ODRs capturing disruptive behavior, internalizing issues are
likely to be overlooked leaving some at-risk children undetected (McIntosh, Frank, & Spaulding,

2010; Tobin & Sugai, 1999; Tobin, Sugai, & Colvin, 1996).
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Approaches to Analyzing ODRs

Despite their limitations, ODRs are a measure of interest to schools and researchers
interested in negative behavioral outcomes. In the literature, ODRs are analyzed in a variety of
ways (Mclntosh et al., 2010; McIntosh 2009; Miller et al., 2015; Pas et al., 2011; Esin et al.,
2015; Predy et al., 2014). Previous studies have used ODRs as a predictor variable (Mclntosh et
al., 2009; Pas et al., 2011; Miller et al., 2015; Esin et al., 2015) while others use ODRs as an
outcome (Mclntosh et al., 2010; Predy et al., 2014; Martinez et al., 2015). As a predictor, Tobin
and colleagues (1996) found that receiving 2 or more ODRs in the first 3 months (August,
Septmeber, and October) was a significant predictor of chronic ODRs in middle school students.
Furthermore, studies have found that ODRs within the first 3 months of the school year
significantly predicted total ODRs by the end of the school year (McIntosh et al., 2010) and
mean ODR growth throughout the year (Predy et al., 2014). As an outcome variable, data to date
has focused on particular ODRs (e.g., aggression, illicit behavior, etc.; McIntosh et al., 2010;
Predy et al., 2014) or ODR cut points (e.g., 0-1, 2-5, and 6 or more; Mclntosh et al., 2009; Miller
et al., 2015; Pas et al., 2011). Collectively, available data indicates that ODRs are a flexible
metric of child behavior.

Across multiple analyses, ODRs are associated with a number of relevant outcomes. For
example, ODR receipt is related to a range of socio-demographic factors including race/ethnicity,
gender, and age (Pas et al., 2011; Martinez et. al., 2016; Girvan et al., 2017). Other classroom
and school factors may play a significant role in the receipt of an ODR like the consistency of
implementing classroom rules, overall management in the classroom by the teacher, the number
of students in a classroom, and a highly disruptive class (Pas et al., 2011). Martinez and

colleagues (2016) found that student-teacher ratio and racial/ethnic concentration could also
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contribute to the receipt of an ODR. Whether a teacher has advanced training may also influence
students’ receipt of an ODR as well as school level factors like high faculty turnover, large
school size, and how well the school is resourced (Pas et al., 2011; Martinez et. al., 2016).

There is currently no standard way of analyzing an ODR leading to numerous analytical
approaches. Some studies treat ODRs as a continuous variable by looking at mean differences
between various outcomes (e.g. suspensions, internalizing, externalizing, and adaptive scales)
using MANOVA (MclIntosh, Campbell, Carter & Dickey, 2009; McIntosh, Campbell, Carter &
Zumbo, 2009). Some studies analyzed ODRs as a binary outcome utilizing logistic regression
(Predy et al., 2014; McIntosh et al., 2010; Esin et al., 2015). Other studies analyzed ODRs as
count data (Rusby et al., 2007; Flannery et al., 2014) utilizing Poisson and negative binomial
regression (Martinez et al., 2015). Some studies accounted for clustered data using logistic
hierarchical linear modeling (Pas et al., 2011), multilevel Poisson and zero-inflated Poisson
models (Rusby et al., 2007) and negative binomial multilevel analysis (Martinez et al., 2015).
The literature to date indicates a variety of analytical approaches for ODRs as a functional metric
of student behavior.

Although one could approach ODR research in various ways, selected analyses may limit
interpretations. ODR data exhibits a nonparametric distribution, yet many studies utilize
parametric approaches to analyze ODRs (Mclntosh, Campbell, Carter & Dickey, 2009;
Mclntosh, Campbell, Carter & Zumbo, 2009), while others analyze ODRs using a binary
approach (Predy et al., 2014; Mclntosh et al., 2010; Esin et al., 2015). Adopting parametric
approaches, such as ANOVA and MANOVA, may result in inaccurate estimates, while binary
approaches limit the scope of predictability by reducing the amount of information used in

analysis (e.g. the receipt of an ODR vs. no receipt of an ODR) as opposed to making statistical
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inferences based on the actual ODR counts (Vives, Losilla, & Rodrigo, 2006; Long, 1997).
Because ODRs are a count variable, it is appropriate to use a Poisson regression (Flannery et al.,
2014) or a negative binomial regression in the case of overdispersion (UCLA: Statistical
Consulting Group, 2017; Martinez et al., 2015), however, in the case of an inflated amount of
zeros (due to a vast amount of students with 0 ODRs each year) predictive analyses may require
other analytical approaches (Loeys et al., 2012; Zeileis, Kleiber, & Jackman, 2008; Hall, 2000).
As stated by Rusby and colleagues (2007), “The zero-inflated Poisson model predicts the value
of the dependent variable (the count of discipline referrals) as well as the probability of being
unable to assume any value except zero using a logistic regression estimated with maximum
likelihood with robust standard errors to account for the multilevel structure of the data.”
Furthermore, a zero-inflated negative binomial model will account for both the excess zeros and
any overdispersion that may exist (UCLA: Statistical Consulting Group, 2017). It is critical that
the level of measurement for the dependent variable matches the model used (Long, 1997), so
researchers should carefully consider analytical approaches to count data.
Other Factors Affecting Office Discipline Referrals

Challenging behaviors may indicate social-emotional problems in children including both
internalizing and externalizing factors (Esin et al., 2015). The number of ODRs received is
associated with negative student outcomes including school dropout, lower achievement,
academic failure, and antisocial behaviors (Mclntosh et al., 2008; Tobin & Sugai, 1999). Pas and
colleagues (2011) suggest that students who receive ODRs may have social skill deficits,
clinically significant problems with aggression, delinquent behavior, and attention problems.
ODRs may also be used as screening measures to identify students who may require subsequent

behavioral or mental health support (Tobin & Sugai, 1999).
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ODRs are considered a good metric for monitoring challenging behavior for some
researchers (Lane et al., 2008; Pas et al., 2011; MclIntosh et al., 2009), while others have found it
to be lacking (Miller et al., 2015). In a study conducted by McIntosh and colleagues (2009),
ODRs predicted suspensions, internalizing and externalizing scores, and adaptive measures in
elementary school students. Lane and colleagues (2008) established good predictive validity of
the Student Risk Screening Scale (SRSS; Drummond, 1994) to predict level of risk using ODRs
as a behavioral measure. Pas and colleagues (2011) found that students with 2 or more ODRs
were rated by teachers as having significantly more disruptive behavior/concentration problems
and fewer prosocial behaviors. Esin and colleagues (2015) found that psychiatric disorders were
significantly higher amongst those with ODRs. Miller and colleagues (2015), however, found
that ODR data did not perform significantly better than chance in identifying students at-risk on
the BESS.

The literature to date establishes the SDQ as a reliable measure of internalizing and
externalizing child behavior in school settings. Additionally, the SDQ is a reliable predictor of
behavioral and academic outcomes including teacher ratings, daily behavioral performance, and
quarterly grades. This positions the SDQ as a feasible tool for universal screening as it relates to
student outcomes, such as ODRs. The literature establishes ODRs as a valid metric of child
behavior, and ODRs are a behavioral outcome of interest to schools.

Current Study
The purpose of this study is to evaluate the extent to which the SDQ predicts the number of

ODRs by the end of the school year. Specifically, the study examined the following questions:



Salmon 16

1. Do screening results from the SDQ administered at the beginning of the academic year
predict total ODRs by the end of the year even when controlling for preliminary (first 3
months) ODRs?

2. Do grade, gender, and race affect prediction of total ODRs by the end of the school year?
Understanding these relationships will display the psychometric utility of the SDQ while
providing an intuitive outcome (ODRs) to measure student behavior. This will assist schools in
identifying students with at risk behavior in order to route them to the proper school-based
supports.

Methods
Participants and Setting

The data for this study was collected in the 2015-2016 school year. The sample consisted
of 1134 male (n=617) and female (n=517) Georgia students from 2 middle schools. School 1
(n=328) and School 2 (n=806) consisted of grades 6 (n=362), 7 (n=366), and 8 (n=406). The
majority of students were categorized as Black (n=712) followed by White (n=289), Hispanic
(n=83), and Multi-other (n=50). These frequencies are summarized in Table 2.
Measures

Office Discipline Referrals. An ODR is a permanent product issued to a student who has
engaged in problem behavior violating a school rule or social norm resulting in an administrative
consequence. The ODR documents student name, referring teacher, time of day, and
nature/location of the problem behavior. The number of ODRs received by each student
[according to SWIS] was used in analyses as a covariate. The number of ODRs was calculated
for the entire school year and cumulatively by month. For the purpose of this study, we focused

on the number of ODRs received by each student ignoring the type of offense; therefore, all
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ODRs were considered including both major and minor offenses (Mclntosh et al., 2009;
Martinez et al., 2016).

Strengths and Difficulties Questionnaire. Internalizing and externalizing scores were
calculated using the SDQ subscales. The internalizing problems score is derived from adding the
Emotion and Peer Problems questions together, while the externalizing score is derived from
adding the Conduct Problems and Hyperactivity/Inattention questions together. The SDQ
subscales are scored from 0-10, so the internalizing and externalizing scores range from 0-20.

Office Discipline Referrals (October). The number of ODRs from August, September,
and October (Preliminary ODRs) was included in the models, because it is a stringent covariate
of total ODRs (Mclntosh et al., 2010). Specifically, the receipt of 2+ ODRs by October (2 or
more ODRs = 1) was used. By including this valid metric in our predictive analyses, it provides a
comparable standard for the internalizing and externalizing scores from the SDQ.

Socio-demographic Information. Student grade, race, and gender were included in all
models, because the literature shows us that there are significant differences in ODR receipt
based on these variables (Pas et al., 2011; Martinez et. al., 2016). Our study specifically looked
at students in grades 6, 7, and 8 and whether differences in the outcome variable emerged.
Gender (female=1) and race (Black, White, Hispanic, and multi-other) were also analyzed for
group differences. Students who were black, male, and in the 6™ grade served as the reference
groups for our analyses (Martinez et. al., 2016).

Analyses

Preliminary. Data analyses were performed in SAS version 9.4. Bivariate analyses were

examined as a preliminary step to identify any existing collinearity as well as variables that

significantly correlate with the outcome to include in our models. The threshold for model
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inclusion was set to p < 0.2. We looked at the distribution of ODRs, which appeared to display a
Poisson distribution. A Poisson distribution assumes that the mean and variance are equal;
therefore, the mean and variance of ODRs were examined for overdispersion (Loeys et al.,
2012). The mean, median, standard deviation, minimum and maximum values of each subscale
were assessed. The data was also examined for outliers and influential cases.

Bivariate analyses were conducted with externalizing and internalizing scales predicting
ODRs utilizing Spearman’s Rho due to the violation in normality (Kitchen, 2009). It is important
to note that the internalizing scale was not a significant predictor of ODRs, but it was still
included in the model. Bivariate analyses were also conducted to examine group differences
using Kruskal-Wallis and Wilcoxon Rank Sum test statistics for non-parametric data (Kitchen,
2009). It is important to note that grade was not a significant predictor of ODRs, but it was still
included in the model to further examine group differences. For the prediction analyses, a series
of models were fit to determine the best model for the data.

Predictive models. A Poisson model was first considered. Predictor variables considered
for our model included the SDQ subscales (internalizing and externalizing), receipt of 2+ ODRs
in the first 3 months of the school year (August, September, and October), and demographic
information (grade, gender, and race). The model building process began with observing how the
externalizing and internalizing scales predict ODRs. Model building continued with the
externalizing and internalizing scales and receipt of 2+ ODRs by October predicting total ODRs.
Finally, the full model was considered including the externalizing and internalizing subscales,
receipt of 2+ ODRs by October, and socio-demographic information (grade, gender, and race).

The Poisson (P) model was adjusted for overdispersion by adding the scale parameter (scale =
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Pearson) (Hilbe, 2011). We also considered a Negative Binomial (NB) model to account for the
overdispersed data (Hilbe, 2011).

Due to a high number of zeros (observed number of zero counts exceeds the predicted
number of zero counts) in our outcome variable, a Zero-inflated Poisson (ZIP; Lambert, 1992)
model and a Zero-Inflated Negative Binomial (ZINB) model were also considered (Loeys et al.,
2012). These models are considered mixed models, because the distribution of the outcome is
modeled by two separate components, one of which represents the probability of excess zeros
and another in which accounts for the non-excess zeros and non-zero counts (Loeys et al., 2012).
Model fit was determined by comparing model fit diagnostics, specifically the Akaike
Information Criterion (AIC) (Loeys et al., 2012). The results of our model fit diagnostics are
summarized in Table 1.

Results

Bivariate analyses were conducted with externalizing and internalizing scales predicting
ODRs utilizing Spearman’s Rho. Analyses indicated a significant positive correlation between
ODRs and the externalizing scale (ko = 0.27, p < 0.0001). Bivariate analyses were also
conducted to examine group differences using the Kruskal-Wallis test statistic for the race and
grade variables, while the Wilcoxon Rank Sum test statistic was used for the gender variable. A
Wilcoxon Rank Sum test indicated a significant difference for gender (U = 274872.5, p <
0.0001). Kruskal-Wallis indicated a significant difference for race (H = 35.5, p <0.0001), and
follow-up Wilcoxon Rank Sum tests indicated Blacks differed from Whites (p < 0.0001) and
Hispanics (p < 0.0001). Wilcoxon Rank Sum tests also indicated Multi-other differed between
Hispanics (p < 0.01) and Whites (p < 0.01). Group differences are summarized in Table 2.

Furthermore, although not attaining significance, the internalizing scale and grade variable were
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still included in the final model based on group differences in ODR counts established in the
literature (Pas et al., 2011; Martinez et. al., 2016; Girvan et al., 2017). Therefore, all variables
were included in our final models.

To examine whether SDQ predicts the total number of ODRs by the end of the year, a
series of models were fit (see Table 1). In the Poisson model, the externalizing scale was a
positively significant predictor of ODRs (p < 0.0001) and the internalizing scale (p < 0.01) was
a significantly negative predictor of ODRs even when controlling for receipt of 2+ ODRs by
October. Grade was not a significant predictor of ODRs in this model, but being female (p <
0.01), White (p < 0.01), and Hispanic (p < 0.01) were significant negative predictors of ODRs.
However, the Poisson model was overdispersed, so a Negative Binomial (NB) model was
considered next (Hilbe, 2011). The externalizing (p < 0.0001) and internalizing (p < 0.01) scales
positively and negatively predicted ODRs, respectively, in this model as well, even when
controlling for receipt of 2+ ODRs by October. Additionally, being female (p < 0.01), White (p
< 0.01), Hispanic (p < 0.01), and in 70 grade (p < 0.01) were significant negative predictors of
total ODRs. To account for the excess zeros, a Zero-Inflated Poisson (ZIP) model was fit
(Lambert, 1992). Again, the externalizing scale (p < 0.0001) was a significant positive predictor
of ODRs and the internalizing (p < 0.01) scale was a significant negative predictor of ODRs
even when controlling for receipt of 2+ ODRs by October. However, gender was not a
significant predictor of ODRs, but being Multi-other (p < 0.01) was a significant positive
predictor of ODRs and being in the 7" grade (p < 0.01) was a significant negative predictors of
ODRs. As for the zero component of the model, the prediction of excess zeros in ODR receipts
(i.e. no ODR coded as the event; no ODRs=1), externalizing scores was a significant negative

predictor of excess zeros in ODRs (p < 0.0001), while being female (p < 0.0001) and White (p <
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0.0001) were significant positive predictors of excess zeros in ODRs. For every one unit increase
in externalizing scores, the odds of observing excess zeros in ODRs decreases by 17%. The odds
of observing excess zeros in ODRs for females (p < 0.0001) was 2.05 times the odds for males.
The odds of observing excess zeros in ODRs for Whites (p < 0.0001) was 2.94 times the odds
for blacks.

The Zero-inflated Negative Binomial Model was ultimately selected as it displayed the
best fit to the data (i.e. AIC =2117.2; Loeys et al., 2012). Results of our final model are
summarized in Table 3. In this model, the externalizing (p < 0.01) scale was a significant
positive predictor of ODRs and the internalizing (p < 0.01) scale was a significant negative
predictor of ODRs even when controlling for receipt of 2+ ODRs by October. Compared to 6™
grade, 7" grade (p < 0.01) and 8" grade (p < 0.05) receive less ODRs. Compared to Blacks,
Hispanics (p < 0.01) and Whites (p < 0.01) receive less ODRs. For the prediction of excess
zeros (i.e. no ODR receipt coded as the event; no ODR=1), the externalizing scale (p < 0.01) was
a significant negative predictor of no ODR receipts. For every one unit increase in externalizing
scores, the odds of observing excess zeros in ODRs decreases by 55%. The odds of observing
excess zeros in ODRs for females (p < 0.0001) was 17.6 times the odds for males. The odds of
observing excess zeros in ODRs for Whites (p < 0.0001) was 10.2 times the odds for Blacks.
Discussion

This study provides data indicating the SDQ, administered at the beginning of the school
year, significantly predicts the number of ODRs by the end of the school year. The externalizing
scale, in particular, also predicted excess zeros in reported ODRs. Thus, data from the study
shows that the SDQ can predict relevant child behavior outcomes in school settings.

Furthermore, this study is unique in that it displays the predictive utility of the SDQ as a



Salmon 22

forecaster of total ODRs as well as excess zeros in ODRs by the end of the school year.
Additionally, this study resonates with other studies by finding certain socio-demographic
markers predict total ODRs. Ultimately, this indicates that the SDQ may be an effective tool in
identifying students who may be at risk for problem behavior, which can assist school personnel
with routing students to necessary supports provided by the school.

This study is in agreement with other ODR studies (Martinez et al., 2016;). Particularly,
this study shows that externalizing behaviors predict ODRs (Pas et al., 2011; Rusby et al., 2007).
Additionally, being White and female predict fewer ODRs (Martinez et al., 2016;), while being
male and black predict greater ODRs (Martinez et al., 2016; Pas et al., 2011). However, our
study contradicts some ODR studies by predicting higher ODR counts for 6™ grade students
compared to 7" and 8" grade students (Martinez et al., 2016;). For example, Martinez et al.
(2016) found that younger students had fewer ODRs than older students; however, they
compared middle schools and elementary schools without accounting for each grade level. Pas et
al. (2011) also found that younger students received less ODRs than older students, however,
they only examined elementary school students and compared fourth/fifth grades to kindergarten
through third grade, again not accounting for each grade level. Thus, differences in studies may
be due to the way the grade variable was coded for their analyses. Specifically, other studies
described lumped multiple grades together into a binary, while our study split grade into more
refined categories. Additionally, Pas et al., 2011 predicted the receipt of any ODR, a binary
construct. Thus differences between studies may also be due to the treatment of the outcome
variable in analysis.

This study is a unique addition to the literature by providing analyses of the probability of

excess zeros. In particular, higher externalizing scores decrease predictive odds of observing a
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student with excess zeros in ODRs, while being female and White increases the odds of excess
zeros in ODRs. This approach allows for the prediction of ODR counts while shedding light on
the disproportionate count of ODR receipts for males and non-White students. Additionally, it
exhibits a unique utility of the externalizing scale, in particular, as a predictor of excess zeros in
ODRs. Furthermore, this may highlight the unique psychometric contribution to the receipt of no
ODRs as opposed to only focusing on behaviors that may predict ODR receipt.

This study is unique in its analytic approach. We utilized a Zero-Inflated Negative
Binomial model that accounted for the prediction of ODR counts as well as the probability of
excess zeros in ODRs. Only a small number of ODR studies utilize Poisson (Rusby et al., 2007;
Flannery et al., 2014), Zero-Inflated Poisson (Rusby et al., 2007) and, Negative Binomial
(Martinez et al., 2016) models for predictive analyses, while a large proportion of ODR studies
utilize logistic regression (MclIntosh et al., 2010; McIntosh et al., 2012; Mclntosh et al., 2006;
Mclntosh et al., 2009). No studies to date have utilized a Zero-Inflated Negative Binomial
model, and none use the multi-model approach used here. This comparative count statistical
method improves on binary approaches like logistic regression. Additionally, this method reveals
the predictive utility of the SDQ across multiple statistical approaches. Looking at data one
statistical method at a time may result in a loss of information.

This study is also unique in the universe of SDQ psychometric studies (Owens et al.,
2015; Jenkins et al., 2014; Rimvall et al., 2014; Goosens et al., 2016). Most SDQ studies
investigate the reliability of the SDQ in terms of its predictive relationship to other screeners
(Owens et al., 2015; Jenkins et al., 2014) and some diagnostic tools (Rimvall et al., 2014).
However, this study aims to showcase the applied predictive validity of the SDQ by addressing

its relationship to ODRs, an applied outcome of interests to schools. Specifically, this study
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exhibits the SDQ as a valid predictor of student behavior, particularly showing how internalizing
and externalizing behavior scores predict total ODRs and excessive zero counts in non-ODR
receipt. By addressing ODRs, this study broadens the scope of usability for the SDQ as a socially
valid tool with predictive utility in relationship to an outcome of interest to schools.

Our findings mirror some findings in other ODR studies (Rusby et al., 2007; Lane et al.,
2008; Hartman et al., 2017). For example, results from our study are similar to a study conducted
by Rusby et al. (2007) that used the Child Adolescent Disruptive Behavior Inventory (CADBI;
Burns, Taylor, & Rusby, 2001), a measure of externalizing behaviors, in their prediction of total
School Discipline Referrals (SDRs). They found that gender and risk status (65" percentile on
CADBI defined the at-risk sample) significantly contributed to the prediction of SDR counts.
Specifically, females had more SDR counts than males, and the at-risk sample had more SDRs in
comparison to the universal sample. Lane et al. (2008) examined the predictive validity of the
Student Risk Screening Scale (SRSS; Drummond, 1994), a measure of internalizing and
externalizing behaviors, in predicting behavioral (i.e. ODRs) and academic (i.e. GPAs)
outcomes. They found significant differences in ODRs and GPAs comparing low-risk, moderate-
risk, and high-risk groups. They also examined the convergent validity of the SRSS with the
SDQ and found them to correlate in a positive and statistically significant way. Hartman et al.,
(2017) examined the relationship between internalizing/externalizing scores and school
outcomes (i.e. ODRs and GPAs). Specifically, they assessed the Student Internalizing Behavior
Screener (SIBS; Cook et al., 2011) and the Student Externalizing Behavior Screener (SEBS;
Cook et al., 2012) and found that all screening scores significantly predicted school outcomes

(i.e. ODRs and GPAs). However, the SIBS alone was not significantly correlated to ODRs.
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Furthermore, GPA was more strongly correlated with screening scores than ODRs. Therefore,
our study contributes to the literature of other ODR studies.

This study highlights the predictive utility of the SDQ’s internalizing and externalizing
scores in relation to ODRs, an intuitive outcome of interest to schools. In particular, higher
externalizing scores predict greater ODRs in older, Black, and male students compared to
younger, White, and female students. Additionally, higher externalizing scores decrease the
predictive odds of observing a student with excess zeros in ODRs in Black and male students
compared to female, White, and Multi-other students.

Limitations

There are a number of limitations to consider in this study. First, the SDQ was a self-
reported questionnaire, which may, in some cases, be unreliable. Besides, the effect sizes of the
externalizing scales were not much bigger than the internalizing scales bringing into question its
predictive utility. Furthermore, there are many adverse behaviors grouped into ODRs. Separating
them for analysis may show moderating factors that were not assessed in this study (e.g.
comparing aggressive behaviors with illicit drug use). Also, ODRs were used as a predictor and
an outcome and may warrant caution when interpreting results. Moreover, external validity may
be affected by various methods of office discipline referral processes across schools.

Future Research and Implications

Creating and implementing school-wide supports for students with behavior challenges,
bypassing the referral process, will foster an environment that yields positive behavioral
outcomes in our young people. It is imperative that we provide the tools for early identification
as well as intuitive and measurable outcomes for assessing student behavior. Universal screening

is a pragmatic tool that can be implemented in school settings that will assist in routing students
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to the proper supports. The findings in this study provide evidence that the SDQ’s internalizing
and externalizing scales are predictive of problem behavior in schools; however, these findings
should be validated with other samples. Furthermore, it sheds light on the need to assess the
predictive utility of screeners with other behavioral metrics aside from ODRs in an effort to

capture more internalizing concerns that may go undetected.
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ZINB
COUNT
COMPONENT
(intercept) -0.58 -0.66** 0.75%** 0.004
(0.1714) (0.1933) (0.1234) (0.2427)
externalizing 0.14%** 0.18*** 0.05%** 0.08%**
(0.0163) (0.0218) (0.0126) (0.0245)
internalizing -0.06** -0.07** -0.05%* -0.06**
(0.019) (0.0226) (0.0143) (0.0238)
preliminary ODR [.5]%%* 1.90%*** 0.80%#** 1.68%#*
(0.2029) (0.4703) (0.1259) (0.4076)
grade
6 REF REF REF REF
7 -0.37 -0.51%* -0.34%* -0.59**
(0.15) (0.1724) (0.1114) (0.1819)
8 -0.24 -0.32 -0.19 -0.38*
(0.1436) (0.167) (0.1063) (0.1854)
gender
male REF REF REF REF
female -0.37%* -0.51%* 0.03 -0.03
(0.132) (0.1473) (0.104) (0.1756)
race
Black REF REF REF REF
White -0.76%* -0.96%** -0.13 -0.55%*
(0.1684) (0.1756) (0.1276) (0.2069)
Hispanic -1.15%* -1.26%* -0.48 -1.31%*
(0.409) (0.3455) (0.369) (0.3589)
multi-other 0.16 -0.03 0.52%* 0.40
(0.2326) (0.3101) (0.153) (0.3775)
ZERO
COMPONENT
(intercept) 1.O7%** 0.08
(0.2289) (0.7907)
externalizing -0.18%#* -0.80**
(0.0255) (0.2098)
internalizing 0.03 0.08
(0.0276) (0.092)
grade
6 REF REF
7 0.10 -0.82
(0.2104) (0.7464)
8 0.10 -0.18
(0.2015) (0.613)
gender
male REF REF
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P NB Z1P ZINB
female 0.72%%* 2.87%*
(0.1805) (0.7974)
race
Black REF REF
White 1.08*** 2.32%%*
(0.2176) (0.7733)
Hispanic 1.06* -0.73
(0.4778) (1.5487)
Multi-other 0.71* 2.89%*
(0.3626) (1.1452)
log L -302.65 -514.41 -535.96 -1020.17
AIC 2646.47 2117.12 2176.30 2080.34

Notes: P = Poisson, NB = Negative Binomial, ZIP = Zero-Inflated Poisson, ZINB = Zero-
Inflated Negative Binomial, *** = p<0.0001, ** = p<0.01, * = p<0.05

Table 2. Socio-demographic Group Differences

Mean SD Min Max
grade
6 0.78 a 1.81 0 11
7 0.57 a 1.29 0 8
8 0.60 a 1.47 0 10
gender
male 0.80 b* 1.71 0 11
female 0.46 b* 1.27 0 9
race
Black 0.77 a* 1.65 0 11
White 0.38 a* 1.12 0 8
Hispanic 0.19 a* 0.65 0 4
Multi-other 1.1 a* 2.35 0 10

Notes: Wilcoxon Rank Sum®, Kruskal-Wallis®, * = p<0.0001



Salmon 29

Table 3. Predictive Analysis with the Zero-Inflated Negative Binomial Model
Estimate  Standard Error 25%CI 97.5%CI p

COUNT COMPONENT
(intercept) 0.004 0.24 -0.47 0.48
externalizing 0.08 0.02 0.04 0.13 *x
internalizing -0.06 0.02 -0.11 -0.01 *x
preliminary ODR 1.68 0.41 0.88 2.48 ok
grade
6 REF
7 -0.59 0.18 -0.94 -0.23 *x
8 -0.38 0.19 -0.74 -0.02 *x
gender
male REF
female -0.03 0.18 -0.38 0.31
race
Black REF
White -0.55 0.21 -0.96 -0.14 *x
Hispanic -1.31 0.36 -2.01 -0.60 *x
Multi-other 0.40 0.38 -0.34 1.14
ZERO COMPONENT
(intercept) 0.08 0.79 -1.47 1.63
externalizing -0.79 0.2098 -1.2013 -0.3787 *x
internalizing 0.08 0.09 -0.10 0.26
grade
6 REF
7 -0.82 0.75 -2.28 0.65
8 -0.18 0.61 -1.38 1.03
gender
male REF
female 2.87 0.80 1.31 4.43 *x
race
Black REF
White 2.32 0.77 0.81 3.84 *x
Hispanic -0.73 1.55 -3.76 2.31
Multi-other 2.89 1.15 0.64 5.13 kx

ik = n<0.0001, ** = p<0.01, * = p<0.05
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