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Abstract
The purpose of this paper is to confirm the factor structure, examine the invariance, and investigate the predictive validity 
using disciplinary data for 5262 high school students who completed the Early Identification System—Student Response 
(EIS-SR). The development and theory of the EIS-SR is discussed along with prior work. Building off of prior factor analytic 
work with a separate sample, it was hypothesized the items of the EIS-SR would coalesce into seven factors representing 
Externalizing Behavior, Internalizing Behavior, Peer Relationship Problems, School Disengagement, Emotional Dysregu-
lation, Attention and Academic Issues, and Relational Aggression. Furthermore, it was hypothesized that EIS-SR scores 
would be invariant with regard to gender and grade level. Lastly, it was hypothesized that students with high EIS-SR subscale 
scores would be predictive of school discipline events. Our analyses indicated the EIS-SR did fit the previously observed 
factor structure with the items loading on seven distinct scales. Tests for measurement invariance indicated support that the 
EIS-SR measured the seven factors equally well regardless of both gender and grade level. Lastly, EIS-SR subscale scores 
predicted spring office disciplinary referrals, both in and out of school suspensions, and attendance.
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Introduction

Universal screening has long been, currently is, and will 
remain a common method of identification, monitoring, 
and directing educational practices and programming for 
students in American public schools. Educational profes-
sionals screen students to get a better understanding of 
academic strengths and weaknesses (Gersten et al., 2012; 
January, Ardoin, Christ, Eckert, & White, 2016; Saddler 
& Asaro-Saddler, 2013). Students are screened for early 
signs of health-related concerns as mandated in most states 
for hearing and vision (Boesen & Lykke, 2012), and other 
states require screenings for exposure to lead and environ-
mental toxins (CEH, 2005), scoliosis (Kadhim et al., 2020), 
and dental concerns (Arora et al., 2019). Students entering 

school are also screened for developmental delays or early 
markers of disabilities (Lipkin & Macias, 2020). These 
screening data are used to identify struggling students and 
inform practices and programming to support those students.

Compared to the variety of regular screening practices 
in schools, efforts to screen students for social, emotional, 
and behavioral health needs are noticeably lagging. In 
2005, it was estimated that 2% of public schools in the 
USA were administering regular screenings for mental 
health-related concerns (Romer & McIntosh, 2005), a 
practice that increased to 12.6% in 2010 (Bruhn, Woods-
Groves, & Huddle, 2014) and 15.5% of schools by 2015 
(Siceloff, Bradley, & Flory, 2017)—a trend that might 
equate to roughly 20% of schools engaging in mental 
health screenings by 2021. The glacial pace of mental 
health screening practices in school settings is concern-
ing when contrasted alongside the increasing severity and 
prevalence of youth mental health struggles. For example, 
emergency rooms across the USA have reported a spike 
over the past decade in pediatric psychiatry cases requiring 
hospitalization (Chedekel, 2017). Teen suicide rates are 
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at an all-time high with the Centers of Disease Control 
reporting a 57% increase between 2007 and 2017 (Curtin 
& Herron, 2019). The increasing rates of suicide over the 
past decade are paralleled by spikes in self-reported anxi-
ety and depression (Ducharme, 2018) with 1 in 5 school-
aged youth exhibiting symptoms of a mental health disor-
der to a degree that daily functioning is adversely impacted 
(Anderson & Cardoza, 2016; Merikangas et al., 2010). 
More alarming, studies suggest 80% of those youth will 
not access effective mental health services (Merikangas 
et al., 2010). In addition to these worsening indicators, the 
stress of the COVID-19 health crisis has required many 
students to attend school remotely, leaving teachers with-
out daily face-to-face contact with struggling students. 
This might be enough to make mental health screening of 
our youth in schools a priority. If youth are not screened 
properly, social, emotional, and behavioral health needs 
are likely to remain unaddressed (Merikangas et al., 2010; 
Power, Eiraldi, Clarke, Mazzuca, & Krain, 2005), leading 
to significant challenges for educational professionals. For 
instance, unattended mental health problems contribute 
to behavioral disruptions which contribute to declines in 
teacher self-efficacy, emotional exhaustion, and burnout 
(Skaalvik & Skaalvik, 2007; Smith, 2019). Students who 
struggle with unattended mental health begin experienc-
ing a cascade of behavioral health risks including school 
refusal and chronic absenteeism (Maynard et al., 2018; 
Stempel, Cox-Martin, Bronsert, Dickenson, & Allison, 
2017), low achievement and disengagement (Battaglia 
et al., 2017), and eventually school dropout (Holen, Waak-
taar, & Sagatun, 2018).

Fortunately, schools can do something about the problem. 
Randomized research studies conducted in natural school 
settings have repeatedly revealed that carefully implemented, 
data-driven, tiered models of prevention not only mitigate 
proximal social, emotional, and behavioral health stressors 
for 20% of youth experience on a daily basis (Arora et al., 
2019; Barnett, Eber & Weist, 2013; Bradshaw, Reinke, 
Brown, Bevans, & Leaf, 2008; McIntosh, Ty, & Miller, 
2014). However, the adoption of effective school-based 
tiered models of prevention requires universal screening for 
social, emotional, and behavioral health as a first step. As a 
preventative tool, screening data collected from students and 
teachers in the school setting permits school-based mental 
health professionals to: (a. better identify relevant universal 
programs and practices to combat problems at the universal 
or school/classroom-wide level [> 20% experiencing a com-
mon risk factor]; (b. identify youth who may benefit from 
targeted supports due to experiencing elevated risk factors 
relative to their peers; (c. gain insight into the nature of uni-
versal and targeted problems to guide more in-depth assess-
ment; (d. prioritize tasks necessary to support a population 
of students as well as individual students with greater needs 

and compare screening scores across time to understand 
if school-wide efforts are reducing risk (Thompson et al., 
2017).

In the past, some of the barriers cited by school personnel 
in opposition to school-wide screening practices for student 
social, emotional, and behavioral health included cost, time, 
lack of trained personnel, and lack of effective treatment 
options (Bruhn et al., 2014; Dowdy, Ritchey, & Kamphaus, 
2010). Most notable among these barriers is the cost (Splett, 
Fowler, Weist, McDaniel, & Dvorsky, 2013). For example, 
the Behavioral and Emotional Screening System (BESS; 
Kamphaus & Reynolds, 2015), the Social Skills Improve-
ment System (Elliott & Gresham, 2007), and the Systematic 
Screening for Behavioral Disorders (SSBD; Walker, Sever-
son, & Feil, 2014) all cost about one dollar per student plus 
start-up costs (e.g., manuals, online scoring access, etc.). In 
addition, each of these systems does not effectively address a 
primary concern raised by school personnel in that too many 
children are identified by these screeners as requiring ser-
vices (Volpe, Briesch, & Chafouleas, 2010). Because many 
screening systems rely on large national samples to establish 
norms and cutoff scores that are used to identify students 
who are at risk—we suggest these commercially available 
and nationally normed tools may overburden school person-
nel in high-risk geographical areas where resources are often 
limited. Although reliance upon national norms to establish 
statistical cutoff values is typical when developing screen-
ing tools, these practices do fail to take into account local 
culture and norms (Levitt, Saka, Romanelli, & Hoagwood 
2007) as well as available resources to offer students effec-
tive supports.

Early Identification System

The barriers mentioned here led to the development of the 
Early Identification System (EIS). The EIS was developed 
by the County Schools Mental Health Coalition (the Coali-
tion), a cooperative of six public districts, private schools, 
and university researchers, who worked to create the EIS to 
inform the deployment of a tiered prevention model. The 
Coalition developed the EIS to screen approximately 25,000 
K-12 students across 55 school sites in a Midwestern county. 
After reviewing commercially available screening systems, 
the Coalition decided to create a tool that would avoid initial 
start-up and recurring costs of screening three times per year. 
Also, because the EIS was developed to be administered and 
scored online instantaneously, it takes high school teachers 
approximately 1 h to screen 150 students. Lastly, the EIS 
is also locally normed such that each student’s risk score is 
derived in relation to her or his peers that they attend school 
alongside. The EIS provides a dashboard that permits school 
personnel to observe students who are in the top tier of risk 
(5%), students who are at moderate levels of risk (20%), 
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as well as patterns of risk by grade level and at the univer-
sal school level (Reinke, Sims, Cohen, & Herman, 2018a). 
The EIS includes both teacher and student report (EIS-TR, 
Grades K-12; EIS-SR, Grades 3–12) versions. These data 
can be used to prioritize needs and plan for universal preven-
tion and/or targeted intervention strategies—which school 
personnel can select from using an EIS manual and accom-
panying Web site that lists specific evidence-based programs 
and practices previously shown to mitigate concerns identi-
fied by the screener. And lastly, because the EIS system is 
now the cornerstone of the Center for Rural Schools Mental 
Health (https​://www.rural​smh.com/) reporting on its psy-
chometric qualities is important.

The EIS was initially developed with the guidance of the 
developmental cascades theory (Cicchetti & Tucker, 1994; 
Huang, Reinke, Thompson, Herman, & County Schools 
Mental Health Coalition, 2019; Patterson, Reid, & Dish-
ion, 1992). According to the theory, the development of 
serious social, emotional, and behavioral health problems 
follows a predictive pattern—each event cascading into the 
next. Proposed by Patterson (1982; Patterson, DeBaryshe, 
& Ramsey, 1989), the model suggests children exposed to 
early coercive parenting at home start school with maladap-
tive schemas and scripts patterned upon escalating cycles of 
negative child–parent interactions (Patterson, 1982). These 
early patterns—dysregulation, aggression, attentional defi-
cits—place youth at risk of failing to negotiate school-based 
tasks such as developing positive peer and teacher relations 
and performing well academically. Repeated failure and 
negative feedback at school tip youth into a cascade of nega-
tive downstream experiences intensify with key transitions 
(e.g., starting middle school). As such, consistent monitor-
ing of these risks (externalizing, internalizing, attention and 
academics, peer relations, relational aggression, emotional 
dysregulation, and school disengagement) can help iden-
tify struggling students and select effective interventions to 
reduce the likelihood of poor outcomes.

Purpose of Present Study

The purpose of the present study is to confirm the factor 
structure of the EIS-SR in a large sample of public high 
school students (grades 9–12). For more contexts on the 
selection and development of the items and corresponding 
domains assessed by the EIS system, please see previously 
published factor analysis research reports by Huang et al. 
(2019); Reinke et al. (2018b) and Thompson et al. ( 2017). 
Initial investigation of the EIS factor structure using data 
from 1590 elementary school students (Huang et al., 2019) 
suggested the items fit well within the theorized factor struc-
ture with acceptable levels of scale reliability. Although a 
unified view of validity (Messick, 1995) considers other 
aspects of the instrument (e.g., the response process, the 

interpretation, and consequences of the subscales) and is 
considered a continuing process, we focus here on a more 
basic level with three goals. First, using a split sample con-
firmatory factor analysis approach, would the EIS-SR rep-
licate earlier observations of the factor structure in a pure 
high school sample? Next, would the EIS-SR have any meas-
urement invariance by grade level and gender within the 
sample? Lastly, would EIS-SR scores predict later student-
level discipline reports, attendance, bullying, and suspension 
data? Based upon earlier analyses with separate samples, we 
predicated the EIS-SR to factor similarly as observed, to be 
invariant with regard to grade and gender, and to be predic-
tive of student outcomes.

Method

Participants

Participants (49.8% female) came from eight public high 
schools in a Midwestern state (n = 5262) with students in 
grades 9 (n = 1580; 30%), 10 (n = 1382, 26%), 11 (n = 1258, 
24%), and 12 (n = 1042, 20%). Seventy-three percent of the 
students identified as White, 13% as Black, 5% as Asian, 5% 
as Latinx, and 5% as some other race or two or more races. 
Thirty-one percent of the students were eligible for free or 
reduced price meals (FRM; a commonly used proxy for 
socioeconomic status), and 12% had an identified disability.

Procedure

The EIS-SR was administered in the fall (October) of the 
school year and schools allowed parents to opt their child 
out of completing the EIS-SR. Students in grades 9–12 in 
participating schools completed the EIS-SR using a Web-
based online format. A teacher (or a school mental health 
practitioner) read aloud a script about the purpose of the 
EIS-SR and how the information would be used. At the end 
of the survey, the school professional debriefed the students 
and provided them with contact information if they wanted 
to discuss the survey further with an adult. The students 
completed the measure in approximately 10 min.

Measures

The Early Identification System-Student Report (EIS-SR) 
was created through a process of item development and 
expert review. Authors first defined the purpose and scope 
of the scales based on an exhaustive literature review, gener-
ated items related to each factor, and placed each item within 
the corresponding factor. We generated a pool of 42 ques-
tions, and the item pool was reviewed by personnel in the 
schools as well as measurement experts. Response options 

https://www.ruralsmh.com/
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were Likert-type scales (0 = Never, 1 = Sometimes, 2 = Often, 
3 = Always).

Seven factors were hypothesized according to Patterson’s 
developmental cascades model: Externalizing Behavior, 
Internalizing Behavior, Peer Relationship Problems, School 
Disengagement, Emotional Dysregulation, Attention and 
Academic Issues, and Relational Aggression. Two items 
were deemed as stand-alone risk indicators (i.e., “Other kids 
make fun of me at school” and “I am bullied by others”), and 
thus, these items were excluded from the factor analyses. 
After interviews with students, one item was found to have 
questionable social validity as revealed by interviews with 
students (“I have friends to eat lunch with at school”) and 
five other items (e.g., “I can solve real life problems”) were 
excluded based on prior factor analytic work (Huang et al., 
2019). In total, 34 items were hypothesized to form seven 
risk subscales.

Demographic Information

Schools provided demographic information for students, 
including gender, free and reduced (FRL) status, disability 
status, and race.

School Disciplinary Data

Schools provided office disciplinary referrals (ODRs) and 
the number of in-school (ISS) and out-of-school suspen-
sions (OSS) received each month. For the purposes of this 
study, the total number of ODRs, ISS, and OSS was calcu-
lated based on those received across the months of January 
through the end of the school year. In the analytic sample, 
22% received an ODR, 6% received an ISS, and 2% received 
an OSS in the spring.

Bullying Victimization

Students in the spring were asked “Other kids make fun of 
me at school” and “I am bullied by others” (r = .39). As bul-
lying requires repetitive contacts (Solberg & Olweus, 2003), 
students who answered “Often” or “Always” were consid-
ered victims (2.5%).

Attendance Data

Schools provided the percent of days in attendance for each 
month. For spring attendance data, we averaged the monthly 
attendance data from January to May. Students who had 
attendance lower than 3 SD below the mean were excluded 
(n = 15).

Analytic Strategy

Data management and predictive validity analyses were con-
ducted using R 3.5.3 (R Core Team, 2019). Factor analy-
ses were performed using Mplus 6.1 (Muthen & Muthen, 
2011). Prior to analysis, validity checks showed all respond-
ers suggested they had answered all of the items truthfully 
(n = 4951; 94%), a check shown to improve the quality of 
surveys (Cornell, Klein, Konold, & Huang, 2012; Furlong, 
Fullchange, & Dowdy, 2016; Jia, Konold, Cornell, & Huang, 
2018). Analyses were conducted over three phases. First, 
we confirmed the factor structure of the EIS-SR (valid 
n = 4951). Second, we investigated the degree of meas-
urement invariance by gender and grade level. Finally, we 
examined the predictive validity of the EIS-SR on outcomes.

Confirmatory Factor Analyses

Based on the researchers’ knowledge of the items corre-
sponding to the hypothesized factors and informed by a 
prior factor analytic study with a smaller sample Huang 
et al., 2019, we conducted a confirmatory factor analysis 
(CFA) using two randomly split samples of valid partici-
pants (n1 = 2475, n2 = 2476). Based on strong conceptual 
knowledge and prior research, researchers are suggested to 
perform a more stringent CFA rather than an exploratory 
factor analysis (Fabrigar & Wegener, 2012). To explore 
that factor structure within a CFA framework, we tested a 
unidimensional factor model and a seven-correlated-factor 
model. The one-factor model, if supported, would suggest 
that an overall measure of risk using all the items would be 
tenable. However, more realistically, we would expect that 
a seven (correlated)-factor model would fit better as we had 
hypothesized. We performed the CFA using the first random 
split-half sample (exploratory or training sample; n = 2475) 
and inspected resulting fit indices, factor loadings, and fac-
tor correlations. Items with low factor loadings (e.g., < 0.45) 
would be subject to removal (Comrey & Lee, 2013). Using 
the seven-correlated-factor model, if a factor exhibited 
extremely high correlations (e.g., > 0.80) with another fac-
tor, they would be subject to further inspection as well (e.g., 
factors may be combined). Using the exploratory sample and 
as a specification check, we consulted modification indices 
and items were evaluated based on their alignment with their 
theoretical postulates.

Given that a χ2 test as a measure of model fit leads to the 
over rejection of reasonably specified models as a result of 
a large sample size (Anderson & Gerbing, 1988), several 
model fit indices were consulted. The fit indices included 
the root mean square error of approximation (RMSEA), the 
Tucker–Lewis index (TLI), and the comparative fit index 
(CFI). RMSEA values < 0.08 were considered reasonable 
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(Kline, 2011) and values for the CFI and TLI > 0.90 sug-
gested acceptable model fit (Hu & Bentler, 1995).

Polychoric correlation matrices were used with weighted 
least squares with mean and variance correction (WLSMV) 
estimation were used to due to the categorical nature of the 
responses (Finney & DiStefano, 2006). To account for the 
clustered nature of the data, we used the type = complex 
option in Mplus which adjusted standard errors and model 
fit indices to account for the nesting of observations within 
schools (Stapleton, 2006).1 To aid in model generalizabil-
ity and avoid issues of overfitting, the best fitting model 
would then be replicated using another CFA but with the 
hold out sample. Scale score reliability was then estimated 
using categorical omega using the MBESS package (Kel-
ley & Pornprasertmanit, 2016). Given the several limita-
tions of Cronbach’s alpha (e.g., biased, see Dunn, Baguley, 
& Brunsden, 2014), we used omega which is interpreted in 
the same manner and “outperforms alpha and is clearly the 
preferred choice” (p. 7) for reporting scale reliability. To 
examine concurrent validity, we correlated subscale scores 
of the EIS-SR with each other. We considered correlations of 
approximately 0.50 to be large (Cohen, 1988; Kilgus, Cha-
fouleas, & Riley-Tillman, 2013). Although we expected risk 
factors to exhibit some comorbidity with each other, we do 
not expect overly high correlations (i.e., r > .80) between the 
any two subscales.

Measurement Invariance

To investigate whether the instrument was measuring the 
same construct equally well among groups, measurement 
invariance was conducted (Dimitrov, 2010). We tested 
for measurement invariance using multi-group confirma-
tory factor analysis (MG-CFA) based on gender (male and 
female) and grade level (9, 10, 11, 12). The low numbers 
based on different racial classifications and the categorical 
nature of the data precluded the use of invariance testing 
based on race/ethnicity. Unlike gender or grade level which 
had over a thousand respondents in each subgroup, certain 
race/ethnicities (e.g., Asian, Latinx) had much than 300 total 
responses raising the likelihood that certain EIS questions 
did not have particular response endorsements (e.g., often 
or always) compared to White students, inhibiting the com-
parison of those questions.

Measurement invariance was conducted using three 
successively more restrictive models where configural, 
threshold, and loading invariance (Svetina, Rutkowski, & 

Rutkowski, 2019; Wu & Estabrook, 2016) were investigated. 
Configural invariance (CI) tests whether the factors are 
measured by the same indicators across the specified groups 
(Bowen & Masa, 2015). Threshold invariance imposes an 
additional constraint where item thresholds, due to the ordi-
nal nature of the data, are held equal among groups. Finally, 
loading invariance constrains the factor loadings to be equal 
among groups. Wu and Estabrook’s (2016) invariance test-
ing differs slightly from other methods (Bowen & Masa, 
2015; Dimitrov, 2010) but is more optimal given the ordinal 
nature of the data (Svetina et al., 2019). .

Several measures were inspected to determine whether 
invariance, or measurement equivalence was tenable using 
the succeeding more restrictive models (i.e., threshold vs. 
configural models, loading vs. threshold models) as the 
Satorra–Bentler (SB) χ2 difference test is sensitive to sam-
ple size as well (Cheung & Rensvold, 2002). The ΔCFI is 
a commonly used invariance test where a decrease of CFI 
(i.e., a worsening of model fit) in the more restrictive model 
by more than 0.01 suggests noninvariance (Cheung & Rens-
vold, 2002). A ΔRMSEA of < 0.015 can be used as an indi-
cation of measurement invariance as well (Chen, 2007). 
Improvement in model fit may also provide evidence sup-
porting measurement invariance (Dimitrov, 2010).

Predictive Validity

We used the fall EIS-SR subscales to predict whether a 
student would be bullied or receive an ODR, ISS, or OSS 
in the spring of the school year. EIS-SR subscales are 
scored such that higher scales represent greater risk (or 
more negative outcomes) and items were reverse scored 
as appropriate. Certain outcomes (e.g., ODRs) may sig-
nal a risk of future academic and behavioral problems 
(McIntosh, Flannery, Sugai, Braun, & Cochrane, 2008), 
and catching these risks early using subscales of EIS-SR 
would be helpful. We hypothesized that certain subscales 
(i.e., externalizing behaviors, emotional dysregulation) 
would predict disciplinary sanctioning. Attention issues 
and school disengagement would also likely predict future 
class attendance. In addition, we also used the EIS-SR 
subscales to predict class attendance in the spring of the 
school year. For bullying and disciplinary infractions, 
logistic regression models were used and for the con-
tinuous class attendance, a linear regression model was 
used. Using the entire sample, in all the regression mod-
els, student grade level, race/ethnicity, gender, disabil-
ity status, and eligibility for free or reduced price meals 
were entered simultaneously in the models. All EIS-S 
subscales were standardized (M = 0, SD = 1). For the 
logistic regression analysis, the results are shown using 
odds ratios (ORs) values over 1 indicate higher odds of 
receiving the outcome (e.g., suspension or being bullied) 

1  Cluster robust standard errors are effective when the number of 
clusters is above 25 (Huang et al., 2019), using the current data, ICCs 
of the items were very low (2/3s of items having ICCs < 0.01 and 1 
item approaching 0.05). Given the low ICCs as well, the clustering 
was judged as not problematic (Julian, 2001).
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and ORs lower than 1 indicate lower odds. To account for 
nesting, school fixed effects together with cluster robust 
standard errors were used (Huang, 2016).

Results

Factor Structure and Internal Consistency

Using the first randomly split-half sample (exploratory 
n = 2475), a one-factor model was tested using CFA (see 
Table 1). Fit indices indicated that the model did not 
fit well; RMSEA = 0.06, CFI = 0.76, TLI = 0.85. Next, 
a seven-correlated factor model was investigated and 
showed reasonable model fit; RMSEA = 0.03, CFI = 0.96. 
TLI = 0.96. To improve model generalizability, the seven-
correlated factor CFA was also conducted using the sec-
ond, confirmatory hold-out sample (n = 2476). Model 
fit using the hold-out sample was reasonable as well; 
RMSEA = 0.035, CFI = 0.95, TLI = 0.95. Standardized 
factor loadings using both samples are shown in Table 2. 
Factor loadings were strong with the weakest being 0.60. 
All items loaded on the hypothesized factors as theorized. 
Scale score reliability was assessed using omega using 
both samples. The subscale with the lowest reliability was 
for School Disengagement (ω = 0.71), and the subscale 
with the highest reliability was for Internalizing Behav-
ior (ω = 0.92). Inspecting correlations between factors 
(see Table 3) shows a range of correlations from a low of 
0.29 (for Relational Aggression with School Disengage-
ment) to a high of 0.71 (for Externalizing Behavior and 
Attention and Academic Issues) and 0.74 (for Relational 
Aggression with Externalizing Behaviors). All of the risk 
subscales were positively correlated with each other indi-
cating some level of comorbidity among the risk factors. 
None of the factors exhibited extremely high correlations 
(e.g., r > .80), suggesting that the factors were related but 
distinct from each other.  

Measurement Invariance

Based on the procedures outlined for testing measurement 
invariance, the results (see Table 3) indicated that strong 
invariance was supported for both gender and grade level. 
As more restrictive models were tested by adding and test-
ing equality of loadings, model fit did not deteriorate and 
all ΔRMSEA, ΔCFI, and ΔTLI statistics supported meas-
urement invariance. In other words, regardless of gender or 
grade level, the EIS-SR measured the factors equally well.

Predictive Validity

To assess how well fall EIS-SR subscales would predict 
spring outcomes, we used all the EIS-SR subscales as 
predictors of disciplinary outcomes (i.e., receipt of ODR, 
ISS, OSS), bullying victimization, and attendance, while 
controlling for student demographic variables (Table 4). 

Disciplinary Infractions

A consistent finding (see Table 5) was that students with 
higher levels of Externalizing Behavior (ORs = 1.21–1.27, 
ps < .001) and Emotional Dysregulation (ORs = 1.09–1.14, 
ps < .05) were more likely to receive a disciplinary infrac-
tion. In addition, students with higher Peer Relationship 
Problems (ORs = 0.92–0.96, ps < .05) and Internalizing 
BehaviORs (ORs = 0.93–0.94, ps < .001) were less likely 
be receive a disciplinary infraction.

Bullying Victimization

The two subscales that were predictive of students being 
bullied in the spring were Internalizing Problems and 
Relational Aggression. Students with higher levels of 
Internalizing Problems (OR = 1.06, p < .001) and Rela-
tional Aggression (OR = 1.38, p < .01) were more likely 
to be victimized. All other EIS-SR subscales were not pre-
dictive of bullying victimization (Table 6).

Attendance

Students who experienced higher levels of External-
izing Behaviors (β = − 0.09, p < .01), Attention Issues 
(β = − 0.12, p < .001), and School Disengagement 
(β = − 0.07, p < .01) were more likely to miss classes in the 
spring. Students with Peer Relationship Problems though 
were more likely to attend class (β = 0.04, p < .05) as well 

Table 1   Model fit statistics for one factor, multi-factor, and split sam-
ple

DF degrees of freedom, RMSEA root mean square error of approxi-
mation, CFI comparative fit index, TLI tucker lewis index

Model χ2 df RMSEA CFI TLI

Exploratory sample (n = 2475)
 One-factor model 5094 527 0.059 0.860 0.851
 Seven-correlated-factor model 1824 506 0.032 0.960 0.955

Hold-out sample (n = 2476)
 Seven-correlated-factor model 2070 506 0.035 0.950 0.945
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as students with higher levels of Relational Aggression 
(β = 0.06, p < .05). Both Internalizing Problems and Emo-
tional Dysregulation measured in the fall were not predic-
tive of attendance in the spring.

Discussion

Universal screening of social, emotional, and behavioral 
health is the key to identifying student needs and provid-
ing necessary support and prevention efforts within schools 
(Briesch, Chafouleas, & Chaffee, 2018; Dowdy et al., 2010). 
Unfortunately, many schools do not have the needed infra-
structure, time, and school personnel support required to 

Table 2   Standardized factor loadings using the exploratory (n = 2475) and confirmatory, hold-out sample (n = 2476)

Numbers within parenthesis represent statistics using the confirmatory, hold-out sample
PR peer relationships, EX externalizing behavior, IN internalizing behavior, AT attention issues, ED emotional dysregulation, RA relational 
aggression, SD school disengagement
a Reverse coded

Item Question PR EXT INT ATT​ ER RA SE

4 I am a good frienda 0.63 (0.70)
5 I cooperate with othersa 0.89 (0.85)
6 I work well with my classmates 0.86 (0.88)
18 I get in trouble at school 0.75 (0.76)
19 I am sent out of class for bad behavior 0.81 (0.74)
20 I disrupt class 0.74 (0.74)
21 I get into fights with others 0.78 (0.78)
22 My friends get in trouble at school 0.62 (0.62)
31 I listen to my teachersa 0.76 (0.81)
32 I blame others for my mistakes 0.73 (0.70)
7 I have a hard time asking for help 0.65 (0.60)
9 I like myself 0.73 (0.76)
12 In the past month I felt sad 0.85 (0.84)
13 In the past month I felt fearful 0.76 (0.75)
14 In the past month I felt lonely 0.87 (0.85)
15 In the past month I felt worried 0.79 (0.75)
16 In the past month I felt like I did not matter 0.91 (0.91)
17 In the past month I felt hopeless 0.90 (0.90)
34 I feel left out by others 0.81 (0.79)
23 I have trouble sitting still at school 0.71 (0.66)
24 I have trouble finishing my work 0.79 (0.78)
25 I have trouble paying attention 0.81 (0.84)
29 I try hard to get good grades on my worka 0.62 (0.66)
40 I complete my school work on timea 0.67 (0.62)
26 I get mad easily 0.88 (0.89)
27 I have a hard time controlling my temper 0.90 (0.84)
33 I get crabby and irritated easily 0.82 (0.81)
39 I need help with my emotions 0.87 (0.79)
10 I am mean to others 0.96 (0.84)
35 I talk about people behind their back 0.74 (0.69)
36 I make fun of others 0.85 (0.85)
28 I look forward to learning new things at schoola 0.69 (0.67)
37 I enjoy coming to schoola 0.78 (0.76)
42 There is an adult I can talk to at school if I need 

help
0.66 (0.65)

Reliabilities (Omega) 0.77 (0.76) 0.76 (0.77) 0.92 (0.92) 0.86 (0.85) 0.85 (0.83) 0.74 (0.74) 0.71 (0.71)
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effectively screen their students. Coupled with the ever-
expanding prevalence of mental health conditions in youth, 
this is extremely problematic. Thus, to address this problem, 
the EIS-SR was created as a brief and free assessment sys-
tem to screen all students within a school. The EIS-SR was 
developed as a means of collecting accurate data to drive a 
tiered response model to support student social, emotional, 
and behavioral health. The EIS-SR was created based on 
extant literature of risk factors associated with social, emo-
tional, and behavioral concerns among children and youth. 
The purpose of this study was to evaluate the factor struc-
ture, measurement invariance, and predictive validity of the 
EIS-SR. As anticipated, seven subscales of risk factors were 
revealed to have adequate factor loadings. This indicates that 
all items accurately reflect our hypothesized subscales—
peer relation problems, internalizing behaviors, external-
izing behaviors, attention and academic issues, relational 
aggression, emotional dysregulation, and school disengage-
ment. All subscales also met reliability standards required 
for a screener (Cortina, 1993; Nunnally, 1978). In terms of 
internal consistency, all the risk subscales were found to be 
positively correlated with one another. However, no correla-
tions were found to be extremely high, thus indicating that 
subscales were related, but still distinct from one another.

Beyond factor structure and internal consistency, the 
current study also evaluated invariance of subscales across 

gender and grade level. The results of measurement invari-
ance analyses found the same construct to be measured 
in a similar manner across both student gender and grade 
level. This is an important finding, as it is critical to ensure 
that the same underlying construct includes the same 
theoretical structure for each group while operating in a 
similar fashion. With invariance established, this allows 
the interpretations of the assessment results and subscale 
scores to be generalized to both female and male students 
and permits comparisons to be made between 9th, 10th, 
11th, and 12th grade students. This is an incredibly help-
ful finding for schools, as it shows that the EIS-SR can be 
used to identify concerns and determine relevant supports 
for students in the same manner regardless of gender and 
grade level.

In addition, the current study assessed the predictive 
validity of the EIS-SR on student outcomes (i.e., discipli-
nary infractions, bullying victimization, and attendance). 
Demonstrating predictive validity of a measure on key 
external outcomes is an important step to establishing the 
meaning of a measure (Lord, Novick, & Birnbaum, 1968). 
For example, it makes sense that fewer ODRs in the fall 
would lead to fewer in and out of school suspensions—
more time in class with fewer disruptions provides more 
opportunities for teachers to teach and students to learn.

Table 3   Factor correlations 
using exploratory sample 
(lower diagonal; n = 2475) and 
confirmatory sample (upper 
diagonal; n = 2476)

All correlations are statistically significant (ps < .001)

PR IN EX AT RA ED SD

Peer relationship problems (PR) 0.49 0.57 0.53 0.60 0.54 0.51
Internalizing behavior (IN) 0.48 0.33 0.62 41 0.73 0.44
Externalizing behavior (EX) 0.56 0.37 0.71 0.74 0.55 0.42
Attention and academic issues (AT) 0.60 0.57 0.71 0.51 0.58 0.62
Relational aggression (RA) 0.52 0.37 0.64 0.49 0.55 0.33
Emotional dysregulation (ED) 0.56 0.69 0.48 0.55 0.50 0.39
School disengagement (SD) 0.55 0.43 0.47 0.58 0.29 0.38

Table 4   Fit indices for 
invariance testing based 
on gender and grade level 
(n = 4951)

Satorra–Bentler Δχ2 testing Models B versus C were statistically significant (ps < .001). Based on 
ΔRMSEA, ΔCFI, ΔTLI, measurement invariance was supported

χ2 df RMSEA CFI TLI

Gender (males = 2440; females = 2511)
 A. Configural invariance 3491 1012 0.031 0.962 0.958
 B. Threshold invariance 3516 1046 0.031 0.962 0.959
 C. Loading/threshold invariance 3514 1073 0.030 0.963 0.961

Grade level (grade 9 = 1508; grade 
10 = 1291; grade 11 = 1176; grade 
12 = 976)

 A. Configural invariance 4992 2024 0.034 0.958 0.953
 B. Threshold invariance 5066 2126 0.033 0.958 0.956
 C. Loading/threshold invariance 5077 2207 0.032 0.959 0.958
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Implications

The needs of students with ever-increasing social, emotional, 
and behavioral health concerns continue to be unmet by 
many schools. This may be especially problematic in high 
school, as students with social, emotional, and behavioral 

concerns have difficulties balancing academic demands, peer 
relationships, and increased independence, while also facing 
greater opportunities to engage in risky behaviors (Marghe-
rio, Evans, & Owens, 2019). Without appropriate services, 
adolescents are at increased risk for negative outcomes in 
high school (e.g., truancy, failing classes, and suspension/

Table 5   Logistic regression 
results (in odds ratios) 
predicting receipt of an office 
disciplinary referral (ODR), 
in-school suspension (ISS), and 
out-of-school suspension (OSS). 
95% confidence intervals in 
parentheses

All outcomes and EIS scores standardized (M = 0, SD = 1). Cluster robust standard errors used. Models 
include school fixed effects
FRM free or reduced price meals
*p < .05; **p < .01; ***p < .001
a White is the reference group
b Grade 9 is the reference group. Schools that had no recorded infraction (e.g., ISS or OSS) were excluded 
from the analysis

ODR (n = 4951) ISS (n = 4492) OSS (n = 4852) Bullied (n = 4951)

EIS subscales (standardized)
 Peer relations 0.95** 0.96* 0.92* 1.12

 (0.93, 0.98)  (0.92, 0.99)  (0.85, 1.00)  (0.98, 1.28)
 Internalizing problems 0.94*** 0.94*** 0.93*** 1.06***

 (0.93, 0.95)  (0.92, 0.96)  (0.90, 0.96)  (1.02, 1.09)
 Externalizing behaviors 1.22*** 1.27*** 1.21*** 1.00

 (1.17, 1.26)  (1.19, 1.37)  (1.13, 1.30)  (0.89, 1.13)
 Attention issues 1.09*** 1.12** 1.07 0.99

 (1.07, 1.12)  (1.04, 1.21)  (1.00, 1.15)  (0.91, 1.08)
 Relational aggression 0.95 0.87* 0.80*** 1.38**

 (0.88, 1.02)  (0.78, 0.98)  (0.71, 0.91)  (1.11, 1.71)
 Emotional dysregulation 1.09* 1.11* 1.14** 1.01

 (1.01, 1.16)  (1.02, 1.20)  (1.05, 1.25)  (0.91, 1.12)
 School disengagement 1.09*** 1.05 1.01 1.03

 (1.06, 1.12)  (0.95, 1.15)  (0.95, 1.08)  (0.93, 1.14)
Student demographics
 Male 1.62*** 1.44** 1.62*** 1.30*

 (1.51, 1.73)  (1.11, 1.85)  (1.22, 2.15)  (1.04, 1.63)
 With a disability 0.94 1.32** 1.52 1.80***

 (0.85, 1.04)  (1.10, 1.59)  (0.97, 2.38)  (1.28, 2.54)
 Eligible for FRM 2.03*** 3.58*** 3.52*** 1.19

 (1.71, 2.41)  (2.80, 4.58)  (1.87, 6.63)  (0.80, 1.77)
 Race: Othera 1.43* 1.26 1.80** 1.12

 (1.03, 1.98)  (0.91, 1.73)  (1.20, 2.72)  (0.74, 1.70)
 Race: Asiana 0.57*** 0.23* 0.49 1.04

 (0.51, 0.64)  (0.05, 0.94)  (0.14, 1.73)  (0.51, 2.11)
 Race: Blacka 2.40*** 2.39*** 2.50* 1.25

 (2.17, 2.65)  (1.67, 3.43)  (1.11, 5.64)  (0.76, 2.04)
 Race: Hispanica 1.16 0.81 1.77 0.71

 (0.75, 1.79)  (0.33, 1.96)  (0.57, 5.43)  (0.18, 2.80)
 Grade: 10b 0.98 1.11 0.99 1.18

 (0.70, 1.37)  (0.83, 1.50)  (0.62, 1.57)  (0.78, 1.80)
 Grade: 11b 0.92 0.81 0.66 1.31

 (0.71, 1.19)  ( (0.49, 1.34)  (0.43, 1.01)  (0.78, 2.21)
 Grade: 12b 0.87 0.81 0.55** 0.43*

 (0.59, 1.26)  (0.63, 1.05)  (0.35, 0.86)  (0.20, 0.93)
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expulsion; Mitchell, Kern, & Conroy, 2019). Further, when 
compared to peers, high school students with significant 
depression are more than twice as likely to drop out of 
school (Dupéré et al., 2018). Social, emotional, and behav-
ioral issues left untreated in high school can also persist 
and require more intensive services in adulthood (Heflinger, 
Shaw, Higa-McMillan, Lunn, & Brannan, 2015; Torio, Enci-
nosa, Berdahl, McCormick, & Simpson, 2015). Universal 
screening is the first step to supporting these students. With 
effective universal screening in place, schools can make 
data-informed decisions and address student needs through 
intervention and prevention practices. Providing support for 
validation is the key to determining the utility of the EIS-SR 
in high school settings.

The EIS-SR is currently utilized within schools to iden-
tify, prevent, and address students’ social, emotional, and 
behavioral issues—not only at the individual student level, 
but at the grade and school levels. EIS-SR data is locally 
normed within school buildings and allows individual stu-
dents with the greatest level of need be identified without 

straining school personnel or resources (Volpe et al., 2010). 
Based on results within a school building, individual stu-
dent data can then be utilized within the context of problem-
solving team to identify evidence-based interventions that 
target identified areas of concern (Reinke et al., 2018a, b). 
The grade-level results can be utilized in a similar fashion, 
as schools may determine preventive interventions to address 
needs present across an entire classroom. Further, data from 
the EIS-SR can be aggregated at the school level to deter-
mine if risk areas are present across many students. Based 
on a public health framework, the EIS-SR recommends 
that universal preventative interventions are implemented 
in schools when 20% of students or more indicate risk in 
a given area, as this approach is more productive than sup-
porting each individual student separately (see Reinke et al., 
2018a; Thompson et al., 2017).

Limitations and Future Directions

The current study is not without limitations. Although the 
current sample included over 5200 students across 8 high 
public high schools, all students were in the same geographic 
region of the country. Thus, it cannot be assumed that results 
are generalizable to students from other areas of the coun-
try. Additionally, over 70% of the sample was comprised 
of students who identified as White. Future studies should 
expand the use of the EIS-SR to more geographically and 
racially diverse contexts. The current study also did not 
evaluate concurrent validity of the EIS-SR in comparison 
with similar existing measures with robust psychometric 
properties (e.g., the SDQ or BASC-3). Future research cor-
relating EIS-SR subscales with similar measures within in 
a high school setting would further support the idea that the 
measure is accurately assessing what is expected. Lastly, 
the current study did not focus on creating cutoff scores for 
risk. Recently, researchers have noted the importance of sys-
tematically studying the implications of using cutoff scores 
within universal screening approaches (Margherio et al., 
2019). Currently, the EIS-SR allows school personnel to 
identify individual students at the highest levels of risk based 
on school-normed data. However, future research identifying 
cutoff values may be beneficial to facilitating the classifica-
tion of youth risk based on varying levels (e.g., low, moder-
ate, high) that can be uniformly applied regardless of school-
normed data. The results of the current study offer support 
for the EIS-SR as a free, brief, and effective tool to univer-
sally assess the social, emotional, and behavioral function-
ing of high school students. In particular, the present study 
established the factor structure, measurement invariance, 
and predictive validity of the EIS-SR. Compared to other 
comparable measures that have high costs, require trained 
school personnel, and/or are time-consuming, the EIS-SR 
offers an alternative that has potential for widespread use, 

Table 6   Linear regression results (cluster robust standard errors in 
parenthesis) predicting spring attendance (n = 4787)

Attendance and EIS scores standardized (M = 0, SD = 1). Models 
include school fixed effects
FRM free or reduced price meals
*p < .05; **p < .01; ***p < .001
a White is the reference group
b Grade 9 is the reference group. Outliers (n = 15) were excluded and 
3% of students had missing attendance records and were omitted

Attendance

EIS subscales
 Peer relations 0.04* (0.01)
 Internalizing problems 0.03 (0.03)
 Externalizing behaviors − 0.09** (0.02)
 Attention issues − 0.12*** (0.02)
 Relational aggression 0.06* (0.02)
 Emotional dysregulation − 0.04 (0.03)
 School disengagement − 0.07** (0.02)

Student demographics
 Male 0.13** (0.03)
 With a disability − 0.17* (0.05)
 Eligible for FRM − 0.44*** (0.04)
 Race: Othera − 0.09 (0.05)
 Race: Asiana 0.26*** (0.01)
 Race: Blacka 0.02 (0.04)
 Race: Hispanica − 0.08 (0.08)
 Grade: 10b − 0.09 (0.05)
 Grade: 11b − 0.13 (0.06)
 Grade: 12b − 0.22** (0.06)

R2 0.13
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treatment utility, and impact. Further, the measure can be 
easily accessed, administered, and interpreted, thus allowing 
results to inform evidence-based intervention and prevention 
supports aimed to reduce the social, emotional, and behav-
ioral concerns and disorders of students (see Reinke et al., 
2018a, b; Thompson et al., 2017).
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