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Introduction: We report predictive validity of the newly defined Student Risk 
Screening Scale – Internalizing and Externalizing (SRSS-IE 9, with 9 items) when 
used for the first time by middle and high school teachers from 43 schools.

Methods: The sample included 11,773 middle school-aged students representing 
four geographic regions, and 7,244 high school-aged students representing 
three geographic regions.

Results: Results indicated fall SRSS-IE externalizing and internalizing latent 
factors as well as subscale scores (SRSS-E5, SRSS-I4, respectively) predicted 
year-end behavioral (office discipline referrals and in school suspensions) and 
academic (course failures) outcomes for middle and high school students as 
well as referrals to special education for middle school students. Internalizing 
scores also predicted referrals to special education for high school students. 
Externalizing and internalizing scores predicted nurse visits at the middle and 
high school levels with all models except for subscale models of internalizing 
in middle school. SRSS-IE 12 subscale scores for externalizing (SRSS-E7) and 
internalizing (SRSS-I5) using the original 12 items were similarly predictive of 
these outcomes, with few variations.

Discussion: We discuss educational implications, limitations, and directions for 
future inquiry.
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Introduction

Adolescents’ well-being was negatively affected by lifestyle changes necessitated by the 
COVID-19 pandemic. Many students experienced ongoing periods of lockdowns, school 
disruptions, lack of access to internet or technology to engage in school and social relationships, 
increased negative messages on social media, and shifts in access to extracurricular activities. 
These circumstances likely contributed to students’ feelings of social isolation, exacerbated 
symptoms of depression and anxiety (Office of the Surgeon General, 2021; Bera et al., 2022), 
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and impacted students’ well-being and academic performance in the 
aftermath of the pandemic. As such, many educators are confronted 
with the challenging task of supporting students’ well-being and 
mitigating learning loss (U.S. Government Accountability 
Office, 2022).

Schools’ interest in the relation of students’ emotional and 
behavioral well-being and academic achievement is still relatively new 
and has been propelled by recent findings of student well-being 
(Lebrun-Harris et al., 2022). For example, in the 1990’s, attending to 
mental health and well-being gained momentum with increased 
attention to mental health treatment in the U.S. (Kessler and 
Merikangas, 2004) which also brought about systems approaches to 
meeting students’ multiple needs – academic, behavioral, and social 
and emotional well-being – ideally in an integrated rather than siloed 
fashion (Lane et al., 2012, 2014; Weist et al., 2017; Gandhi et al., 2023). 
Research has long explored the relation between students’ emotional 
and behavioral wellbeing and their academic achievement (Nelson 
et al., 2004; Agnafors et al., 2021). Findings suggested, regardless of 
the directionality of the relation (e.g., behavioral challenges leading to 
academic challenges; academic challenges leading to behavioral 
challenges), students with co-occurring emotional and behavioral and 
academic difficulties often have the poorest educational outcomes 
when not detected early and provided with an appropriate educational 
response (Agnafors et al., 2021; Walker, 2023). Fortunately, long before 
the pandemic began, educational leaders had been designing, 
installing, and evaluating these systems to create positive, productive, 
and even joyful educational communities. Rather than attempting to 
prevent and respond to needs in a siloed manner, integrated tiered 
systems incorporate evidence-based strategies, practices, and 
programs at each level of prevention: Tier 1 for all, Tier 2 for some, 
and Tier 3 for a few (Lane et al., 2013a). Tier 1 practices enable general 
and special educators, administrators, and families to collaborate to 
prevent learning, behavioral, as well as social and emotional well-being 
challenges from occurring. Yet, even when Tier 1 practices are in place 
as planned (e.g., implemented with high levels of treatment integrity; 
Buckman et  al., 2021), some students will need more than Tier 
1 has to offer. In these instances, educators implementing integrated 
tiered systems use systematic screening data to detect students and 
connect them to validated Tier 2 (e.g., check/in check/out; reading) 
and Tier 3 (e.g., functional assessment-based; intensive reading 
instruction; cognitive behavior therapy; Lane et  al., 2019b) 
interventions.

Systematic screening tools play a pivotal role within these 
integrated systems, providing valid data used to examine the system 
as a whole, in addition to responding to students’ individual needs by 
increasing schools’ early detection efforts (Walker and Severson, 
1992). While some educators and families may wonder if early 
detection efforts are necessary in middle and high schools, prevalence 
estimates suggest a very real need and in fact, an even greater need 
since the pandemic (Lebrun-Harris et al., 2022).

Prior to the pandemic, point prevalence estimates showed 
between 12 and 20% of school-aged students experienced mild to 
moderate forms of emotional and behavioral disorders (Forness et al., 
2012). Similarly, more than 1  in 5 adolescents (22%) experienced 
mental health difficulties (Merikangas et al., 2010). Secondary school 
represents an important time for adolescents with these difficulties to 
be detected and appropriate interventions provided to minimize long-
term impact of these challenges into adulthood (Colman et al., 2007). 

A meta-analysis of the effects of COVID-19 on the mental health of 
students under age 18 indicated the magnitude of the problem has 
increased since the onset of the pandemic with a prevalence of 31% 
experiencing depressive symptoms and 31% experiencing anxiety 
symptoms (Deng et al., 2023).

Given the challenges secondary-aged students with emotional and 
behavioral difficulties face within and beyond school settings, and data 
indicating prevalence of these difficulties has increased in the context 
of the pandemic – systematic screening is necessary. Fortunately, 
many educators and families are prioritizing the adoption of feasible 
and psychometrically-sound tools for the early detection of students 
with externalizing and internalizing behaviors, which are at the core 
of major disorders of childhood and adolescence (Lane et al., 2021). 
One such tool, available to K-12 schools, is the Student Risk Screening 
Scale for Internalizing and Externalizing (SRSS-IE; Drummond, 1994; 
Lane and Menzies, 2009) – one of the few remaining free-access 
screening tools available for use in secondary schools. Free access 
indicates the tool is free for schools to download and use. Yet, 
resources are needed for implementing the SRSS-IE such as personnel 
time to build the data collection method and manage data for 
educators use. Also, while minimal training is needed to complete the 
SRSS-IE, there are investments needed in professional learning for 
educators to use behavioral data alongside other school data for 
instructional decision making (Lane et al., 2023). In this paper, 
we extend the inquiry on the SRSS-IE for use with middle and high 
school students.

Description and psychometric properties 
of the SRSS-IE in secondary schools

In the initial validation study for the SRSS-IE with middle school 
students, (N = 937) from three schools (two city, one rural), Lane et al. 
(2013b) conducted an exploratory factor analysis, estimated internal 
consistency, and assessed criterion-related validity with the Strengths 
and Difficulties Questionnaire (SDQ; Goodman, 1997). The initial 14 
items (SRSS-IE 14) comprised two factors nearly as expected and 
accounted for 41% of the variance. Two items did not load well onto 
the internalizing factor and were removed for empirical and 
theoretical reasons resulting in 12 items (SRSS-IE 12) yielding two 
factors – internalizing and externalizing – which account for 19 and 
27% of the variance, respectively, with a total of 47% variance 
recovered. The externalizing factor (SRSS-E7) demonstrated higher 
internal consistency than the internalizing factor (SRSS-I7, SRSS-I5): 
SRSS-E7 α = 0.85, SRSS-I7 α = 0.67, SRSS-I5 α = 0.74. The externalizing 
subscale score was significantly correlated with all SDQ subscales (e.g., 
conduct problems subscale, r  =  0.80) and total score (r  =  0.76). 
Internalizing subscale scores were statistically significantly correlated 
with the SDQ total difficulties score (r = 0.39), emotional symptoms 
subscale (r = 0.53), and peer problems subscale (r = 0.49). Overall, the 
12-item instrument appeared promising for screening in 
secondary schools.

Later studies conducted with middle and high school students 
found similar estimates of internal consistency for the externalizing 
factor (α = 0.82–0.84), slightly greater estimates for internalizing 
(α = 0.77–0.81), and slightly greater overall consistency estimates 
(α = 0.83–0.86; Lane et al., 2017, 2019c; Moulton et al., 2019). Another 
exploratory factor analysis found improved fit by allowing one item, 
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peer rejection, to cross-load on both factors resulting in the SRSS-E7 
and SRSS-I6 subscales (Lane et al., 2017). Additional studies further 
substantiated the evidence for criterion-related validity with the SDQ 
(Jones et  al., 2020) and established evidence for criterion-related 
validity with the Behavior Assessment System for Children–2nd 
Edition (BASC-2) Behavioral and Emotional Screening System (BESS; 
Kamphaus and Reynolds, 2007; Lane et al., 2019d).

In addition, studies have established predictive validity of SRSS 
and SRSS-IE studies in middle and high schools primarily using 
variations of linear regression and group comparisons by risk level. 
For example, prior to the development of the SRSS-IE (which includes 
the same 7 items developed by Drummond (1994) to assess 
externalizing behaviors), the original SRSS scores in fall predicted 
behavioral and academic outcomes in middle (Lane et al., 2007) and 
high schools (Lane et al., 2008). Lane et al. (2007) reported findings 
from two studies conducted with middle school students in rural 
(n = 500) and urban (n = 528) settings, respectively. In addition to 
establishing evidence indicating high internal consistency, test-re-test 
stability, and convergent validity with SDQ scores, results of both 
studies indicated middle students with low, moderate, and high risk 
according to fall SRSS scores could be differentiated by ODRs and 
in-school suspensions, with higher levels of risk indicative of higher 
numbers of each outcome. Also, students beginning the academic year 
with lower levels of risk, had higher GPAs, and failed fewer classes 
relative to students beginning the year in moderate or high-risk 
categories. Lane et  al. (2008) reported similar outcomes for score 
reliability and predictive validity with a sample 674 high school 
students, with students at low risk differentiated on ODRs and GPA 
from students with moderate and high-risk across two academic years.

Predictive validity studies of SRSS-IE subscale scores continued 
to establish predictive validity with fall SRSS-E7 (externalizing) and 
SRSS-I6 (internalizing) scores predicting important year-end 
outcomes: behaviorally and academically (Lane et al., 2019c; Gregory 
et al., 2021). For example, Lane et al. (2019c) examined predictive 
validity of SRSS-E7 and SRSS-I5 scores with middle (N = 2,313) and 
high (N = 2,727). Results indicated students with high levels of risk 
according to fall SRSS-IE subscales scores – particularly externalizing 
behaviors – spent more time in in-school suspensions, failed more 
courses, and earned lower GPAs compared with students in 
low-risk categories.

Overall, scores on the externalizing scale have repeatedly 
demonstrated predictive relationships of end of year outcomes, and 
initial evidence suggests fall SRSS-I6 predict important outcomes in 
secondary settings. Yet, less is known about the predictive utility of the 
internalizing scale in secondary settings.

Project SCREEN

Recognizing systematic screening as an essential feature of tiered 
systems, with these data used along with other data collected as part 
of predictable school practices to shape instructional experiences for 
students, we  conducted Project SCREEN. Project SCREEN is an 
Institute of Education Sciences (IES) funded measurement grant to 
advance the current literature base by extending the examining 
psychometric evidence of the SRSS-IE 12 for use with K-12 students. 
Our intent was to offer professionals information to inform selection 
and installation of systematic screening tools and practices. 

We focused on the SRSS-IE 12 given there is currently no financial 
support for this tool to enable on-going psychometric analyses.

The first Project SCREEN study examined the factor structure, 
reliability, and measurement invariance of SRSS-IE 12 scores with 
a sample of K-12 students from 87 schools representing four 
U.S. geographic regions collected over a 10-year period (Lane et al., 
2023). All schools were in their first year of administering the 
SRSS-IE 12. Confirmatory factor analyses adjusting the standard 
errors using a sandwich estimator to account for the nested nature 
of the data yielded a two-factor structure: internalizing and 
externalizing with three items removed to optimize model fit (peer 
rejection, item 4; low academic achievement, item 5; and shy, 
withdrawn, item 9). In short, results yielded the SRSS-IE 9. 
However, authors urged educators not to shift screening practices 
until replication occurs with other samples, particularly schools 
who are beyond the initial installation year. Yet, preliminary 
findings yielded clear evidence of measurement invariance across 
gender, race, ethnicity, and special education status within 
elementary, middle, and high school levels. Within school level 
model comparisons in fall, winter, and spring between configural, 
metric, scalar, and strict models met invariance criteria. The same 
was true for longitudinal models, meeting invariance criteria for 
elementary, middle, and high school samples. These collective 
findings are important, suggesting scores produced by teachers new 
to screening with the SRSS-IE were consistent across various 
subgroups of students (e.g., evidence of full measurement 
invariance, demonstrating similar factor structure and levels of 
behavior rated; Lane et  al., 2023). Following this study, authors 
further examined and established predictive validity of the SRSS-IE 
9 scores and SRSS-IE 12 scores in predicting students’ outcomes at 
the elementary level (Lane et  al., 2023). Now, it is necessary to 
examine predictive validity in secondary schools.

Purpose

We extended inquiry of the SRSS-IE 9 and SRSS-IE 12 recently 
conducted at the elementary level (Lane et al., in press), addressing 
two objectives. First, we  conducted predictive validity analyses of 
SRSS-IE 9 scores with middle and high school students. The SRSS-IE 
9 is an adapted, more parsimonious version featuring nine items: five 
to assess externalizing (SRSS-E5) and four to assess internalizing 
(SRSS-I4). Following the same data analytic plan applied with 
elementary students, we  examined predictive validity of fall 
externalizing and internalizing scores by analyzing the degree to 
which fall scores for middle (grades 5–8) and high (grades 9–12) 
school students screened by teachers using the SRSS-IE for the first-
time predicted year end behavioral (ODRs, suspensions, nurse visits,) 
and academic (course failures) outcomes according to extant school-
wide data. We also analyzed the extent to which fall scores predicted 
referrals to special education, which has not yet been examined in 
earlier SRSS and SRSS-IE inquiry in secondary schools. We began by 
using new latent factors for externalizing and internalizing behaviors 
derived from the reduced items (Lane et  al., 2023) as a rigorous 
psychometric analysis of how the latent constructs are related to 
students’ year-end outcomes. Second, given educators are currently 
making instructional decisions using externalizing and internalizing 
subscale scores (calculated by summing individual items without 
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weighting), we also examined predictive validity of fall externalizing 
(SRSS-E5) and internalizing (SRSS-I4) subscale scores in predicting 
these same outcomes.

Lastly, given many school systems currently use SRSS-IE 12 
(Drummond, 1994; Lane and Menzies, 2009) subscale scores for 
externalizing (SRSS-E7) and internalizing (SRSS-I5) as part of data-
informed decision-making practices, we analyzed predictive validity 
of these subscale scores as previously calculated as well. We viewed 
this step to be important to provide assurances these scores (SRSS-E7 
and SRSS-I5) predict important school outcomes while we complete 
the programmatic, psychometric evaluation of the reduced scales 
(Lane et al., 2023). As such, we calculated raw sum scores using the 
full item set to replicate and extend previous predictive validity 
analyses of SRSS-IE 12 scores with this large, geographically diverse 
sample of first year screening. In addition to focusing on end-of-the 
year outcomes for ODRs, suspensions, nurse visits, and course failures 
as in years past, we  also expanded the scope of end-of-the year 
outcomes by examining referrals for special education services.

Based on previous associations between SRSS-IE 12 scores and 
student outcomes in smaller samples as well as findings at the 
elementary level (Lane et al., in press), we hypothesized SRSS-IE 9 fall 
scores would be  associated with outcomes indicating predictive 
validity, with externalizing scores demonstrating stronger relations 
with the behavioral outcomes (e.g., ODRs, suspensions, and nurse 
visits) than academic outcomes (course failures), yet still predictive of 
the latter given the established relation between challenging behavior 
and academic under achievement (Hinshaw, 1992; Nelson et  al., 
2004). We anticipated a smaller-magnitude predictive relation for 
course failures, as academic performance is a distinct construct from 
behavioral challenges (Berry, 2015). Finally, based on findings from 
new predictive validity analyses at the elementary level, we anticipated 
middle school students’ fall screening scores for internalizing 
behaviors would be  slightly more predictive of special education 
referrals than externalizing scores. We did not expect to establish 
predictive validity for special education referrals at the high school 
level, as referrals to determine special educational eligibility typically 
take place earlier in students’ educational careers.

Method

Participants and setting

Participants included 11,773 middle (sixth- through eighth-
grade) and 7,244 high (ninth- through twelfth-grade) school students 
from 43 schools in the United States between the 2009–2010 and 
2019–2020 academic year (see Table 1 for participant characteristics, 
and Supplementary Table S1 for teacher rater characteristics). The 
sample included middle school-aged students from four geographic 
regions, and high school-aged students from three geographic regions 
according to U.S. Census. Thus, the middle and high school samples 
featured the three regions and exceeded sample size recommendations 
(minimum of 150 students) provided by National Center on Intensive 
Intervention (2017/2022) to promote generalizability. The sample 
included data from 22 schools from the Midwest (KS = 12, MO = 10), 
4 from the Northeast (PA = 2, VT = 2), 7 from the South (TN = 7), and 
10 schools from the West (AZ = 10). Supplementary Table S2 reports 
school characteristics by geographic region.

Procedures

Procedures for the current study are identical to those reported by 
(Lane et al., in press, 2023), examining predictive validity of SRSS-IE 
scores at the elementary level. We briefly summarize procedures here. 
We analyzed data for middle and high school students for this current 
sample from a de-identified data repository created as part of Project 
SCREEN, a measurement grant funded by IES. IES funded Project 
SCREEN, with the main objective to re-analyze SRSS-IE data collected 
from 20 IRB-approved studies conducted across four geographic locales 
using current standards (National Center on Intensive Intervention, 
2017/2022). Results from initial studies are featured in a range of peer-
reviewed outlets (e.g., Assessment, Evaluation, and Intervention; 
Behavioral Disorders; and Journal of Emotional and Behavioral 
Disorders). Studies spanned the 2009–2010 through 2019–2020 
academic years, with all studies involving item-level SRSS-IE data and 
many requesting and receiving basic student-level characteristics (e.g., 
sex, school-level, grade-level, race and ethnicity, special education 
status, and/or primary placement if receiving services). Changes to the 
U.S. census data collection practices informed changes in our 
demographic variables (e.g., ethnicity: Hispanic, Non-Hispanic) over 
the 10-year span. Some study protocols included collecting student-
level, year-end outcomes which are the focus of those analyses presented 
in this manuscript designed to provide evidence supporting predictive 
validity. Common variables collected for middle and high school 
students include number of ODRs earned (count), number of in-school 
suspensions (count), number of nurse visits (count), number of course 
failures (count), and/or special education referrals (binary: yes/no). As 
noted in the elementary paper (Lane et al., in press): year-end outcomes 
requested and received varied by study and district agreements. Overall, 
student-level missingness of demographic, screening, and year-end 
variables requested and received for each approved study was small in 
magnitude as districts provided all available data they were comfortable 
sharing. Each outcome received, was shared for all students enrolled in 
the participating school. Requested and received variables varied across 
studies. As such, we  conducted predictive validity analyses for all 
participants with a teacher identification number for the teacher who 
completed the SRSS-IE, who had complete screening data in the fall, 
with at least 1 year-end outcome. This resulted in different numbers of 
student participants for each year-end outcome model.

The screening repository also included limited teacher 
demographic data, particularly from studies conducted at the 
beginning of the 11-year span. Similar to student-level data 
collection procedures, teacher-level data collection procedures varied 
across studies according to specific study procedures (see 
Supplementary Table S1).

After receiving IRB approval to construct the Project SCREEN 
data repository, data files were reviewed for additional accuracy and 
quality checks (keeping in mind these procedures were done 
previously as part of previous protocols). We conducted logic checks 
and cleaned files before conducting the master data merge using 
SAS. After completing the master data merge, project staff conducted 
a series of additional checks to ensure accuracy (e.g., inclusion of 
appropriate studies). We  prepared demographic tables using SAS 
programming. All models were analyzed using MPLUS.

The sample analyzed in this paper included: (a) student-level 
SRSS-IE fall data completed by teachers in schools in their first year 
of SRSS-IE implementation for students attending secondary schools 
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TABLE 1 Characteristics of middle and high school students with fall SRSS-IE externalizing and internalizing, teacher identification numbers, and at-
least 1  year-end outcome measure.

Variable and level Middle
n =  11,773

n (%)

High
n =  7,244

n (%)

Sex

Male 5,684 (48.28) 3,357 (46.34)

Female 5,511 (46.81) 3,214 (44.37)

Not reported 578 (4.91) 673 (9.29)

Grade

5 327 (2.78) 0 (0.00)

6 3,764 (31.97) 0 (0.00)

7 3,859 (32.78) 0 (0.00)

8 3,814 (32.4) 4 (0.06)

9 0 (0.00) 2,161 (29.83)

10 0 (0.00) 1,796 (24.79)

11 0 (0.00) 1,651 (22.79)

12 0 (0.00) 1,632 (22.53)

Not reported 9 (0.08) 0 (0.00)

Race and ethnicity

White 6,713 (57.02) 3,086 (42.6)

Black 2,738 (23.26) 1,722 (23.77)

Hispanic 1,339 (11.37) 1,324 (18.28)

Asian/Pacific Islander 297 (2.52) 93 (1.28)

Native American 90 (0.76) 48 (0.66)

Other 69 (0.59) 49 (0.68)

Mixed 327 (2.78) 249 (3.44)

Not reported 200 (1.7) 673 (9.29)

Hispanica

Yes 1,382 (11.74) 1,341 (18.51)

No 4,330 (36.78) 4,456 (61.51)

Not reported 6,061 (51.48) 1,447 (19.98)

Special education status

Yes 1,940 (16.48) 1,095 (15.12)

No 9,564 (81.24) 6,149 (84.88)

Not reported 269 (2.28) 0 (0.00)

Primary placement

Specific learning disability 646 (5.49) 372 (5.14)

Intellectual disability 73 (0.62) 81 (1.12)

Gifted 333 (2.83) 78 (1.08)

Speech impairment 37 (0.31) 2 (0.03)

Language impairment 77 (0.65) 25 (0.35)

Emotional disturbance 69 (0.59) 63 (0.87)

Autism 113 (0.96) 70 (0.97)

Other health impairment 275 (2.34) 133 (1.84)

Orthopedic impairments 8 (0.07) 1 (0.01)

Hearing impairment 8 (0.07) 0 (0.00)

Visual impairment 6 (0.05) 3 (0.04)

(Continued)
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(middle and high school), and (b) data from projects in which 
we requested and received year-end, student-level outcomes variables. 
As part of our programmatic line of screening inquiry, we intend to 
seek funding to replicate these analyses using repository data from 
middle and high school teachers using the SRSS-IE beyond the 
initial installation.

Our research team is committed to Open Sciences practices 
(Cook et al., 2022). Yet, district data sharing agreements prohibit these 
particular screening data from any form of data sharing – even 
de-identified data.

Measures

Student risk screening scale – internalizing and 
externalizing (SRSS-IE 12 and SRSS-IE 9)

The SRSS-IE 12 is a free-access, universal screening tool 
completed by teachers three times per year to identify students 
with internalizing and externalizing behavior patterns. Teachers 
independently complete the SRSS-IE 12 for each student in their 
class, or during a specific period for secondary students. The 
SRSS-IE 12 is an expansion of the seven-item Student Risk 
Screening Scale (SRSS) created by Drummond (1994) which 
included (1) steal; (2) lie, cheat, sneak; (3) behavior problems; (4) 
peer rejection; (5) low academic achievement; (6) negative 
attitude; (7) aggressive behavior. The SRSS-IE contains an 
additional 5 questions for internalizing behaviors: (8) emotionally 
flat; (9) shy, withdrawn; (10) sad, depressed; (11) anxious; and 
(12) lonely. Each item is rated on a 4-point, Likert-type frequency 
scale: 0 = never, 1 = occasionally, 2 = sometimes, and 3 = frequently 
as developed by Drummond (1994).

Traditionally, procedures for scoring at the middle and high 
school level involved summing the seven original externalizing items 
to form the SRSS-E7 subscale score and summing the five internalizing 
items and the peer rejection item to form the SRSS-I6 subscale score. 
Educators used subscale scores to place secondary students into the 
following categories: (a) SRSS-E7: low- (0–3), moderate- (4–8), or 
high-risk (9–21) for externalizing behaviors as defined by Drummond 

(1994) and (b) SRSS-I6: low- (0–3), moderate- (4–6), or high-risk 
(7–18) for internalizing behaviors (Lane et al., 2016).

Recent analyses offer preliminary evidence of an updated 
version of the SRSS-IE 12- the SRSS-IE- 9, pending replication. 
Specifically, results of a confirmatory factor analyses with adjusted 
standard errors to account for the nesting of students within 
teachers conducted by Lane et al. (2023) indicated a reduced set of 
items to measure externalizing and internalizing behavior 
constructs yielded a better model fit at the middle (i.e., fall 
timepoint RMSEA = 0.048, CFI = 0.974, SRMR = 0.061) and high 
school level (i.e., fall timepoint RMSEA = 0.052, CFI = 0.967, 
SRMR = 0.055). See Table 2 for standardized factor loadings for 
externalizing and internalizing constructs for middle and high 
school levels from Lane et  al. (2023), with all factor loadings 
statistically significant at p  < 0.0001. Reduced versions of each 
subscale for elementary, middle, and high – now the SRSS-E5 and 
SRSS-I4 – constitute the proposed SRSS-IE 9. However, Lane et al. 
(2023) strongly recommended educational leaders not shift to the 
SRSS-IE 9 version until replication studies have been conducted 
(e.g., with other initial implementers, samples comprised of teacher 
in later stages of SRSS-IE installation).

We conducted the current set of analyses designed to provide 
evidence of predictive validity using the same two approaches with 
SRSS-IE 9 scores conducted at the elementary level (Lane et al., in 
press). First, we used item level responses in structural equation 
models accounting for the nesting of students within teachers to 
examine the relation between the SRSS-IE 9 latent externalizing 
(SRSS-E5, 5 items) and internalizing (SRSS-I4, 4 items) factors and 
student outcomes (variables to follow). Second, using similar models 
accounting for nesting of students within teachers, we used SRSS-IE 
externalizing (SRSS-E5) and internalizing (SRSS-I4) subscale scores 
calculated by summing the items given this is the current approached 
use by in-service educators. Namely, they use subscale scales scores 
to inform instruction. In addition, we conducted a final analysis of 
the SRSS-IE 12 scores, using externalizing (SRSS-E7) and 
internalizing (SRSS-I5) subscale scores with this same sample as the 
SRSS-IE 12 is currently used by many school systems as part of their 
tiered system of support. We conducted this latter set of analyses 

TABLE 1 (Continued)

Variable and level Middle
n =  11,773

n (%)

High
n =  7,244

n (%)

Multiple disabilities 14 (0.12) 14 (0.19)

Functional delay 9 (0.08) 0 (0.00)

Traumatic brain injury 0 (0.00) 1 (0.01)

Geographic region

Midwest 3,649 (30.99) 3,818 (52.71)

Northeast 1,027 (8.72) 1,632 (22.53)

South 5,187 (44.06) 0 (0.00)

West 1,910 (16.22) 1,794 (24.77)

Demographic data requested by research teams from district partners varied for studies constituting the data repository. Shifts in U.S. census data collection practices also resulted in changes 
in how we requested demographic variables (e.g., ethnicity: Hispanic, Non-Hispanic).
a We coded this variable as yes, if reported as either (a) Hispanic in ethnicity, or (b) Hispanic in race (from earlier demographic reporting pre-dating changes in data collection procedures 
based on changes in U.S. census reporting procedures). Primary placement refers to student status at the onset of the academic year. Special education status and placement were not requested 
for all studies aggregated in this repository. Reported demographic data features student participants’ characteristics which included secondary students with all screening items, a teacher 
identification number and at least 1 year-end outcome variable. Four students in eighth grade were screened at a high school.
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accounting for the nesting of students within teachers to provide 
these educators with information on the predictive validity of the 
SRSS-IE 12.

End-of-year outcome measures
As noted previously, the repository included a range of 

end-of-year student outcome measures. In this study, 
we examined five outcome variables: (a) office discipline referrals 
(ODRs; i.e., the total number of major office discipline referrals 
earned during the year), (b) suspensions (i.e., the total number 
of in-school suspensions earned during the academic year), (c) 
nurse visits (i.e., the total number of nurse visits made during the 
academic year, noting students could make more than one visit 
per day [e.g., dispensing medications]); (d) course failures (i.e., 
the number of Ds or Fs earned during the academic year), and (e) 
referrals to special education (i.e., whether or not a student was 
referred to a multi-disciplinary team to determine special 
education eligibility [yes or no; outcomes not included]).

Student and teacher demographics
Participating schools and districts provided de-identified student 

demographic information. Requested information included sex (male 
or female, initially collected using the term gender), grade level, race 
(White, Black, Hispanic, Asian/Pacific Islander, Native American, 
other, or mixed race), ethnicity (Hispanic or non-Hispanic), and 
special education status (yes or no) at the onset of the school year. For 
students beginning the academic year receiving special education 
service, we requested primary eligibility category codes as defined by 
the Individuals with Disabilities Education Improvement Act 
(Individuals with Disabilities Education Improvement Act of 2004, 20 
U.S.C. 1400 et seq, 2004; Table 1).

Most study procedures requested teachers to self-report their 
demographic characteristics. We  requested nominal teacher 
information. In recent years, we  requested more detailed teacher 
characteristics such as role, educational attainment, age, and years of 
experience teaching.

Data analytic plan

We followed the same data analytic plan employed by Lane 
et  al. (2023) examining evidence for predictive validity at the 
elementary level, accounting for the hierarchical nature of the 
data (i.e., secondary students nested within teachers’ classrooms, 
teachers’ rating multiple students). Specifically, we used a design-
based approach to correct the underestimated standard errors by 
including the Type = Complex routine in Mplus 8.6 (Muthén and 
Muthén, 1998–2017; Wu and Kwok, 2012) which adjusts the 
standard errors using a sandwich estimator. The SEM model 
examined how well each SRSS-IE 9 latent factor (externalizing or 
internalizing behavior) predicted each year-end student outcome 
measure (see Table 3). In the first set of models, a latent factor for 
each construct (externalizing or internalizing behavior) served as 
the predictor. We computed separate models for each of the five 
outcomes: ODR, suspensions, nurse visits, course failures, and 
referrals to special education. We  used different estimation 
approaches for count and binary outcomes. Specifically, for count 
outcomes (i.e., ODR, suspensions, nurse visits, and course 
failures), a negative binomial model with an overdispersion 
parameter was used. We fit negative binomial regression models 
given distributions for these variables approximated a Poisson 
distribution (meaning many students had scores of zero). For the 
one binary outcome (special education referrals), we employed 
maximum likelihood with robust standard errors (MLR) 
estimation for categorical outcomes. In this sample of secondary 
students from the data repository, 19,017 observations were 
available (i.e., included all screening items, at least one outcome 
measure, and the teacher identification number to allow for 
nesting; Table 1).

Second, we  conducted additional SRSS-IE 9 analyses to 
provide information about subscale scores that support predictive 
validity, while also accounting for the nested data structure. 
Specifically, we evaluated five parallel SEM models (one for each 
outcome variable) using the summed subscale scores for 

TABLE 2 Standardized factor loadings for externalizing and internalizing constructs: middle and high school levels.

Item School level

Middle High

Standardized factor loadings

(p-values)

Standardized factor loadings

(p-values)

Externalizing

1. Steal 0.833 (0.014) 0.848 (0.018)

2. Lie, cheat, sneak 0.873 (0.007) 0.863 (0.009)

3. Behavior problems 0.899 (0.005) 0.907 (0.008)

6. Negative attitude 0.886 (0.006) 0.904 (0.008)

7. Aggressive behavior 0.890 (0.007) 0.878 (0.008)

Internalizing

8. Emotionally flat 0.749 (0.012) 0.747 (0.016)

10. Sad, depressed 0.934 (0.007) 0.932 (0.008)

11. Anxious 0.772 (0.013) 0.791 (0.016)

12. Lonely 0.830 (0.010) 0.838 (0.013)

All factor loadings significant. See Lane et al. (2023) for full results of confirmatory factor analyses (CFA) and measurement invariance analyses.
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externalizing (SRSS-E5) and internalizing (SRSS-I4) to predict 
outcomes (Table  4) rather than the latent factors. For count 
outcomes we again specified a negative binomial model with an 
overdispersion parameter. For binary outcomes, we employed 
maximum likelihood with robust standard errors (MLR) 
estimation for categorical outcomes.

Third, we conducted an additional set of analyses with the 
SRSS-IE 12 subscale scores (externalizing [SRSS-E7]; 
internalizing [SRSS-I6]) used in the SEM models as many 
secondary schools are currently using the SRSS-IE 12 (see 
Table 5). Our goal was to provide evidence to inform current 
screening practices using SRSS-IE 12 data to predict important 
year end outcomes. Again, we  urge practitioners to not use 
SRSS-IE 9 scoring until we conclude our planned psychometric 
evaluation of the reduced scales (Lane et al., 2023).

For all three sets of models, we reported raw b weights as well as 
standardized beta weights for all models. We interpreted standardized 
coefficient (β) effect sizes values using Chen et al. (2010) and Fey et al. 
(2022) who indicate <0.30 is small, 0.30–0.49 is medium, and >0.50 
is large.

Results

SRSS-IE 9: middle school level

Predictive validity: externalizing – middle school

Latent factor method
For all models, the fall externalizing factor significantly predicted 

middle school students’ end-of-year outcomes, with most models 
significant at p < 0.0001 levels (Table 3). Results indicated large effects for 
fall externalizing for ODR (B = 1.533), suspensions (B = 1.607), nurse 
visits (B = 0.818), and course failures (B = 0.926). Fall externalizing factor 
scores predicted referrals to special education, with a small effect 
(B = 0.239).

Subscale method
Similarly, the fall externalizing subscale score (SRSS-E5) 

significantly predicted middle school students’ end-of-year outcomes 
(Table 4). Results indicated large effects for fall externalizing on ODR 
(B = 0.838), suspensions (B = 0.894), and course failures (B = 0.532), 

TABLE 3 Fall SRSS-IE 9 externalizing and internalizing latent factors predicting year-end outcomes for middle and high students.

School level – factor –  
outcome

n b SE p β CI: LL, UL

Middle school

Externalizing

Office discipline referrals1 8,378 0.565 0.048 <.0001 1.533 1.423, 1.642

Suspension1 8,858 0.607 0.041 <.0001 1.607 1.491, 1.722

Nurse visits1 2,422 0.398 0.078 <.0001 0.818 0.244, 0.551

Course failures1 10,529 0.338 0.026 <.0001 0.926 0.826, 1.027

Referred to special education2 9,200 0.157 0.046 .0010 0.239 0.113, 0.366

Internalizing

Office discipline referrals1 8,378 0.204 0.043 <.0001 0.448 0.120, 0.289

Suspension1 8,858 0.170 0.031 <.0001 0.349 0.235, 0.464

Nurse visits1 2,422 0.404 0.174 .0200 0.786 0.514, 1.057

Course failures1 10,529 0.193 0.021 <.0001 0.408 0.310, 0.483

Referred to special education2 9,200 0.287 0.068 <.0001 0.322 0.191, 0.453

High school

Externalizing

Office discipline referrals1 3,562 0.413 0.047 <.0001 1.210 1.088, 1.331

Suspension1 5,793 0.419 0.038 <.0001 1.148 1.020, 1.276

Nurse visits1 2,713 0.146 0.027 <.0001 0.489 0.332, 0.647

Course failures1 6,442 0.192 0.026 <.0001 0.538 0.407, 0.670

Referred to special education2 5,633 0.072 0.072 .3150 0.125 −0.114, 0.364

Internalizing

Office discipline referrals1 3,562 0.152 0.048 .0010 0.312 0.143, 0.481

Suspension1 5,793 0.133 0.037 <.0001 0.272 0.136, 0.408

Nurse visits1 2,713 0.241 0.061 <.0001 0.484 0.309, 0.658

Course failures1 6,442 0.104 0.026 <.0001 0.209 0.116, 0.301

Referred to special education2 5,633 0.182 0.095 .0540 0.205 0.011, 0.399

n number of students for whom we received screening data and each analyzed outcome variable. 1 = Count outcome. 2 = Binary outcome b = Unstandardized coefficient. SE = Standard error.  
P = P value. β = standardized coefficient. CI = 95% confidence interval for beta. LL = lower limit. UL = upper limit.
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and small effects for nurse visits (B = 0.252) and referrals to special 
education (B = 0.145).

Predictive validity: internalizing – middle school

Latent factor method
For all models, the fall internalizing factor significantly predicted 

middle school students end-of-year outcomes with all models significant 
at p < 0.0001 levels except nurse visits (p = 0.0200; Table 3). Results 
indicated large associations with nurse visits (B = 0.786) and medium 
associations with ODR (B = 0.448), suspensions (B = 0.349), course 
failures (B = 0.408), and referrals to special education (B = 0.322).

Subscale method
Similarly, fall internalizing subscale scores (SRSS-I4) significantly 

predicted middle school students’ end-of-year outcomes (Table 4). Results 
indicated small significant associations with ODR (B  =  0.253), and 
suspensions (B = 0.202), course failures (B = 0.267), referrals to special 
education (B = 0.178). The association with nurse visits (B = 0.167) was 
not significant, p  =  0.3100; however, the standardized beta weight 

indicated a small association comparable to other variables significantly 
predicted by fall internalizing scores.

SRSS-IE 12: middle school level

Predictive validity: externalizing – subscale 
method in middle school

For the original fall externalizing subscale score (SRSS-E7) 
significantly predicted middle school students’ end-of-year outcomes, 
with all models significant at p < 0.0001 levels (Table 5). Results indicated 
large associations with ODR (B = 0.853), and suspensions (B = 0.897), and 
course failures (B  =  0.705). In addition, results yielded medium 
associations with nurse visits (B = 0.373) and small associations with 
referrals to special education (B = 0.201).

Predictive validity: internalizing – subscale 
method in middle school

The original the fall internalizing subscale score (SRSS-I6) 
significantly predicted middle school students’ end-of-year 

TABLE 4 Fall SRSS-IE 9 externalizing and internalizing subscales predicting year-end outcomes for middle and high students.

School level – factor – 
outcome

n b SE p β CI: LL, UL

Middle School

Externalizing

Office discipline referrals1 8,378 0.394 0.018 <.0001 0.838 0.761, 0.916

Suspension1 8,858 0.342 0.015 <.0001 0.894 0.814, 0.974

Nurse visits1 2,422 0.111 0.049 .0250 0.252 0.031, 0.472

Course failures1 10,529 0.215 0.011 <.0001 0.532 0.193, 0.237

Referred to special education2 9,200 0.106 0.032 .001 0.145 0.062, 0.229

Internalizing

Office discipline referrals1 8,378 0.170 0.022 <.0001 0.253 0.187, 0.318

Suspension1 8,858 0.128 0.024 <.0001 0.202 0.129, 0.275

Nurse visits1 2,422 0.105 0.104 .3100 0.167 −0.155, 0.489

Course failures1 10,529 0.177 0.015 <.0001 0.267 0.221, 0.313

Referred to special education2 9,200 0.219 0.049 <.0001 0.178 0.116, 0.239

High school

Externalizing

Office discipline referrals1 3,562 0.266 0.018 <.0001 0.714 0.620, 0.808

Suspension1 5,793 0.255 0.017 <.0001 0.684 0.592, 0.777

Nurse visits1 2,713 0.095 0.022 <.0001 0.257 0.138, 0.376

Course failures1 6,442 0.143 0.014 <.0001 0.375 0.301, 0.448

Referred to special education2 5,633 0.056 0.055 .3090 0.080 −0.073, 0.233

Internalizing

Office discipline referrals1 3,562 0.082 0.025 .0010 0.151 0.061, 0.240

Suspension1 5,793 0.091 0.023 <.0001 0.169 0.085, 0.253

Nurse visits1 2,713 0.132 0.039 .0010 0.249 0.105, 0.392

Course failures1 6,442 0.078 0.020 <.0001 0.150 0.076, 0.224

Referred to special education2 5,633 0.121 0.052 .0210 0.119 0.019, 0.219

n number of students for whom we received complete screening data and each analyzed outcome variable. 1 = Count outcome. 2 = Binary outcome. b, unstandardized coefficient. SE, standard 
error; P = P value. β = standardized coefficient. CI = 95% confidence interval for beta. LL = lower limit. UL = upper limit.
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outcomes at the p < 0.0001 level for all outcomes, except for nurse 
visits (B = 0.190, p = 0.2560; Table 5). Results indicated small 
associations with ODR (B = 0.274), and suspensions (B = 0.211), 
course failures (B  =  0.291), and referrals to special education 
(B = 0.192).

SRSS-IE 9: high school level

Predictive validity: externalizing – high school

Latent factor method
The fall externalizing factor significantly predicted all high school 

students’ end-of-year outcomes, except for referred to special 
education (B = 0.125, p = 0.3150; Table 3). Results indicated large 
associations with ODRs (B = 1.210), suspensions (B = 1.148), and 
course failures (B = 0.538) as well as a medium association with nurse 
visits (B = 0.489).

Subscale method
Similarly, the fall externalizing subscale score (SRSS-E5) 

significantly predicted most high school students’ end-of-year 
outcomes at the p < 0.0001 except for referrals to special education 
(B = 0.080, p = 0.3090; Table 4). Results suggested large associations 
for ODR (B  =  0.714) and suspensions (B  =  0.684). A medium 
association was observed with course failure (B = 0.375) and a small 
association with nurse visits (B = 0.257).

Predictive validity: internalizing – high school

Latent factor method
The fall internalizing factor significantly predicted high school 

students’ end-of-year outcomes, except referral to special education 
which yielded a value of p of 0.054, (B = 0.205). Effects were medium 
for ODR (B = 0.312) and nurse visits (B = 0.484) as well as a small 
association with suspensions (B  =  0.272) and course failures 
(B = 0.209).

TABLE 5 Fall SRSS-IE 12 externalizing and internalizing subscales predicting year-end outcomes for middle and high students.

School level – factor – 
outcome

n b SE p β CI: LL, UL

Middle school

Externalizing

Office discipline referrals1 8,378 0.284 0.013 <.0001 0.853 0.774, 0.933

Suspension1 8,858 0.254 0.011 <.0001 0.897 0.817, 0.977

Nurse visits1 2,422 0.117 0.031 <.0001 0.373 0.181, 0.566

Course failures1 10,529 0.210 0.011 <.0001 0.705 0.632, 0.778

Referred to special education2 9,200 0.110 0.020 <.0001 0.201 0.133, 0.269

Internalizing

Office discipline referrals1 8,378 0.120 0.015 <.0001 0.274 0.206, 0.342

Suspension1 8,858 0.089 0.016 <.0001 0.211 0.137, 0.285

Nurse visits1 2,422 0.079 0.070 .2560 0.190 −0.138, 0.519

Course failures1 10,529 0.126 0.011 <.0001 0.291 0.243, 0.340

Referred to special education2 9,200 0.155 0.027 <.0001 0.192 0.128, 0.255

High school

Externalizing

Office discipline referrals1 3,562 0.209 0.013 <.0001 0.753 0.662, 0.845

Suspension1 5,793 0.206 0.012 <.0001 0.741 0.653, 0.829

Nurse visits1 2,713 0.075 0.015 <.0001 0.270 0.164, 0.376

Course failures1 6,442 0.126 0.014 <.0001 0.446 0.347, 0.546

Referred to special education2 5,633 0.054 0.036 .1360 0.104 −0.031, 0.238

Internalizing

Office discipline referrals1 3,562 0.062 0.017 <.0001 0.169 0.080, 0.259

Suspension1 5,793 0.063 0.016 <.0001 0.173 0.089, 0.257

Nurse visits1 2,713 0.079 0.024 .0010 0.223 0.093, 0.353

Course failures1 6,442 0.055 0.013 <.0001 0.156 0.082, 0.231

Referred to special education2 5,633 0.081 0.040 .0430 0.120 0.006, 0.235

n number of students for whom we received complete screening data and each analyzed outcome variable. 1 = Count outcome. 2 = Binary outcome; b, unstandardized coefficient; SE = Standard 
error. P = P value. β = standardized coefficient. CI = 95% confidence interval for beta. LL = lower limit. UL = upper limit.
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Subscale method
The fall internalizing subscale score (SRSS-I4) significantly 

predicted all end-of-year outcomes for high school students. All 
effects were small for ODR (B = 0.151), suspensions (B = 0.169), and 
nurse visits (B = 0.249), course failures (B = 0.150), and referrals to 
special education (B = 0.119).

SRSS-IE 12: high school level

Predictive validity: externalizing – subscale 
method in high school

The original scoring for fall externalizing subscale score (SRSS-
E7) significantly predicted high school students’ end-of-year outcomes 
at p < 0.0001 levels, with the exception of referred to special education 
significant which was not significant (B = 0.104, p = 0.1360). Results 
indicated large associations with ODR (B = 0.753) and suspensions 
(B = 0.741), medium associations with course failures (B = 0.446), and 
small associations with nurse visits (B = 0.270).

Predictive validity: internalizing – subscale 
method in high school

The fall internalizing subscale score as originally calculated (SRSS-
I6) significantly predicted high school students’ end-of-year outcomes 
for high school students. Results indicated small associations for all 
outcomes ODR (B = 0.169), suspensions (B = 0.173), nurse visits 
(B  =  0.223), course failures (B  =  0.156), and referral to special 
education (B = 0.120).

Summary

Results indicated statistically significant relations between 
externalizing behavior and middle and high school student outcomes, 
regardless as to which scoring method is used – with the exception of 
referrals to special education and nurse visits. As hypothesized, fall 
externalizing behaviors were predictive of referrals to special 
education at the middle school level, but not at the high school level. 
However, fall internalizing behavior patterns did predict referrals to 
special education at the middle and high school level. In addition, as 
hypothesized, middle school students’ fall screening scores for 
internalizing behaviors were slightly more predictive of special 
education referrals than externalizing scores for SRSS-IE 9 models 
using both approaches, but not so for SRSS-IE 12 scores with high 
comparable standardized coefficient values (externalizing, β = 0.201; 
internalizing, β = 0.192). Interestingly, fall externalizing behaviors 
were predictive of nurse visits according to all scoring methods for 
middle and high school samples. However, there were differences with 
respect to internalizing scores. Fall internalizing behaviors predicted 
nurse visits using all scoring methods. However, at the middle school 
level, only the latent score approach predicted nurse visits.

Discussion

Systematic screening is a central practice for educators to detect 
and support all students – including secondary-age students – at the 
first sign of concern as well as responding effectively when challenges 

arise. Perhaps now more than ever, in the wake of the pandemic, 
educational leaders need access to psychometrically sound, practical 
tools for detecting both major emotional and behavioral disorders: 
externalizing and internalizing behavior patterns (Lane et al., 2021). 
Project SCREEN was funded to provide necessary information for the 
educational community on the evidence supporting score reliability 
and the validity of inferences based on the SRSS-IE: one of the few free 
access tools designed for use within tiered systems to 
inform instruction.

Initial studies conducted as part of Project SCREEN have 
established (a) score reliability and measurement invariance of the 
SRSS-IE across the K-12 continuum (Lane et  al., 2023) and (b) 
evidence for predictive validity at the elementary level (Lane et al., in 
press), of the new SRSS-IE 9. In this study, we provide additional 
evidence of predictive validity of the SRSS-IE 9 and SRSS-IE 12 for 
middle and high school students, building upon previous inquiry 
exploring predictive validity of SRSS-IE 12 subscale scores in 
secondary schools (e.g., Lane et al., 2017, 2019c; Jones et al., 2020).

Lessons learned at the middle school

We explored evidence of predictive validity of SRSS-IE 9 scores 
(SRSS-E5 for externalizing, SRSS-I4 for internalizing) using two 
approaches: latent variables and subscale scores, with the latter approach 
currently used in practice by educators to inform instruction (Lane 
et al., 2019b). For both approaches, results indicated fall externalizing 
and internalizing scores were associated with middle school students’ 
end of year outcomes, predicting ODRs, suspensions, course failures, 
and referrals to special education. Surprisingly, only the latent factor 
models resulted in fall internalizing behavior predicting nurse visits and 
not the subscale models. This later finding was surprising given previous 
studies reported internalizing behaviors measured by the SRSS-IE 12 
(specifically, the internalizing subscale scores) predicted the number of 
year end nurse visits, with students visiting the nurse sometimes 
multiple times a day for a range of reasons (e.g., intensive medical needs, 
daily medication needs, or somatic complaints; Saps et al., 2009). Similar 
to studies conducted with elementary students, latent factors yielded 
slightly stronger evidence of predictive validity on most outcomes 
compared to the subscale method (Lane et al., in press). These findings 
were comparable to previous predictive validity models conducted at 
the middle school level, with the original SRSS items (SRSS-E7) score 
predicting important behavioral (e.g., ODR, in-school suspensions) and 
academic (e.g., GPA, course failures) year-end outcomes (e.g., Lane 
et al., 2007, 2019c) and the SRSS-IE 6 internalizing subscale score also 
predicting year-end outcomes (e.g., Lane et al., 2016, 2019c; Gregory 
et al., 2021).

Given early inquiry at the middle school level, we hypothesized 
SRSS-IE 9 fall scores would predict end of the year performance, with 
externalizing scores demonstrating stronger relations with the 
behavioral outcomes (e.g., ODRs, suspensions, and nurse visits) than 
academic outcomes (course failures) compared to internalizing scores. 
For the latent factor models at the middle school level, the externalizing 
construct demonstrated the strongest evidence of predictive validity 
(larger coefficients) for ODRs and suspensions – and smaller, but still 
large, coefficients for nurse visits and course failures. For the latent 
factor models at the middle school level, the internalizing construct was 
most predictive of nurse visits – which is consistent theoretically (e.g., 
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somatic complaints likely resulting in accessing the school nurse; Saps 
et al., 2009). Yet, it was noteworthy that internalizing subscale scores did 
not predict nurse visits (p =  0.31). For the subscale score method, 
externalizing scores once again demonstrated the strongest predictive 
validity for ODRs and suspensions with lower coefficients for course 
failures and the smallest, yet still significant, predictive validity for nurse 
visits and referrals to special education.

Furthermore, SRSS-IE 9 predictive validity analyses yielded new 
information, with this study being the first to demonstrate externalizing 
and internalizing SRSS-IE scores predict referrals to special education, 
with internalizing scores more predictive than externalizing scores using 
both scoring approaches. These finding are comparable to findings of 
SRSS-IE 9 scores at the elementary level (Lane et al., in press), which 
further underscores the importance of committing to systematic 
screening efforts to detect student with internalizing behaviors at the first 
sign of concern (Bradshaw et al., 2008) – especially now, with pandemic-
related experiences leaving many adolescents feeling anxious and socially 
isolated (Office of the Surgeon General, 2021).

For educators currently using the SRSS-IE 12, findings are relatively 
consistent with earlier studies with smaller samples with significant 
associations between both externalizing and internalizing subscales, 
with few exceptions. For example, it is noteworthy that the middle 
school internalizing subscale did not predict nurse visits as in earlier 
studies. This finding may have been spurious given the number of 
models computed, or it could have been due to the vast variability in the 
sample. Another exception was referrals to special education in high 
school. Contrary to our initial hypotheses, fall high school internalizing 
scores did narrowly predict referrals to special education; whereas, 
externalizing scores did not. In addition, we offer new evidence that the 
original SRSS-IE externalizing and internalizing scores predict referrals 
to middle school students – particularly internalizing behaviors. It 
should also be  noted the strength of the associations with student 
outcomes as indicated by standardized beta weights were typically 
higher using the SRSS-IE 12 subscale scores for externalizing than when 
using SRSS-IE 9 subscale scores. However, most were still significant.

Lessons learned at the high school

In examining SRSS-IE 9 and SRSS-IE 12 scores for high school 
students, results were highly comparable to those reported for middle 
school with the exception of predicting nurse visits (as discussed 
previously) and referrals to special education. Not surprisingly, high 
school fall externalizing scores were not predictive of referrals to 
special education using any scoring method, and high school fall 
internalizing SRSS-I4 subscale scores predicted special education 
referrals for high school students, which was not true of the latent 
factor approach (although the standardized beta coefficient was 
0.205). As indicated by the standardized beta coefficients, all models 
yielded small associations between fall screening scores and referrals 
to special education. We expected that by high school, most students 
who might require special education services have already been 
referred and placed according to the rigorous process conducted by 
the multidisciplinary team.

Collectively, internalizing and externalizing scores from the 
SRSS-IE 9 and SRSS-IE 12 predict educational outcomes for high 
school students: ODR, suspensions, nurse visits, and course failures, 
and in the case of internalizing scores – referrals to special education. 
In addition, these same scores at the middle school predict referrals to 

special education. This is an important preliminary finding, and one 
that must be replicated before generalizing results. It is also noteworthy 
that for all scoring approaches, fall externalizing scores were more 
predictive of course failures (larger standardized beta weights than fall 
internalizing scores – while both were statistically significant). For 
secondary educators committed to meeting students’ academic needs, 
behavior and well-being matter. Educators can use externalizing and 
internalizing subscale scores along with data collected as part of 
regular school practices (e.g., academic screening, nurse visits, ODRs, 
attendance, suspensions) to inform instruction (Lane et al., 2014; Ma 
et  al., 2022). For example, educators can (a) aggregate data to 
determine overall levels of externalizing and internalizing behaviors 
school-wide, (b) analyze classroom-level data to determine if 
additional low-intensity supports (e.g., instructional choice) may 
be beneficial, and (c) review screening data with other school-wide 
data to connect students to validated Tier 2 and 3 interventions.

Limitations and future directions

Similar to guidance provided by Lane et al. (in press) when 
interpreting outcomes of similar analyses conducted at the elementary 
level, this sample included only middle and high schools in their first year 
of utilizing the SRSS-IE for universal behavior screening. At both middle 
and high school levels, SRSS-IE 9 scores significantly predicted multiple 
educational outcomes within the same school year, though it is important 
to replicate and extend upon these findings to ensure SRSS-IE 9 scores 
have similar predictive utility in later stages of systematic screening 
implementation. For those outcomes such as ODRs and suspensions that 
are direct indicators of the construct measured – externalizing behaviors, 
the effect sizes were large. Other outcomes were less directly linked to the 
construct of interest, and so it is not surprising associations were smaller.

Second, academic outcomes in the present study are represented 
by course failures. Because this sample includes schools from many 
different schools and districts, the grading scale delineating these 
grades as well as other school and district grading policies may vary 
across schools within the sample impacting how Ds and Fs are 
defined. Although this limitation introduces some additional 
ambiguity, we are hopeful advances in integrative data analysis will 
allow for future improvements in this area.

Third, as we have discussed, outcomes related to nurse visits were 
surprising. Given the number of models computed, it is possible these 
findings are spurious. We strongly suggest replication of these analyses 
related to nurse visits in middle schools given these findings were 
contrary to earlier inquiry.

Fourth, the sample for this study came from a data repository 
created by retrospectively compiling data collected over a decade 
spanning the 2009–2010 to 2019–2020 academic years, with the 
current samples over representing from the Midwest. To be clear, not 
all districts reported variables of interest for each student. Districts 
shared a range of outcome variables. Exact sample sizes are reported 
in tables for included variables and were large enough to conduct 
these analyses. For future replications, we encourage teams to engage 
in prospective studies to have comprehensive data sets of like 
variables for additional analyses, working closing with university 
and district leaders to rely on procedures that support open science 
principles (e.g., data sharing). With the commitment to early 
detection and using data to not only connect students to additional 
supports, but examine the systems as a whole (e.g., Miller et al., 
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2022), collaboration across research teams and district partners 
could be highly beneficial in examining evidence supporting score 
reliability and the validity of inferences based on the scores from 
screening tools and procedures.

Taking into account these limitations, results of this large scale, 
predictive validity study of the SRSS-IE 9 and continued 
documentation of the SRSS-IE 12  in middle and high schools 
suggested the externalizing and internalizing behaviors in fall predict 
behavioral and academic outcomes at the end of the same school year –  
as well as referrals to special education in middle school populations, 
and internalizing behaviors also predictive of referrals to special 
education at the high school. Rather than waiting for students to 
struggle and even fail academically, educators can use screening data 
to detect and support students at the earliest signs of concern and 
examine additional systems-level shifts (e.g., refinements of Tier 
1 practices).

Summary

Findings build on similar inquiry conducted at the elementary 
levels (Lane et al., in press), establishing evidence for predictive 
validity of the inferences drawn from the newly defined Student Risk 
Screening Scale – Internalizing and Externalizing (SRSS-IE 9) when 
used for the first time by middle and high school teachers from 43 
schools, representing multiple geographic regions in the United States 
between the 2009–2010 and 2019–2020 academic year. Moreover, fall 
externalizing and internalizing latent factors as well as subscale scores 
(SRSS-E5, SRSS-I4) from the SRSS-IE 9 predicted year-end behavioral 
(ODRs, in-school suspensions) and academic (course failures) 
outcomes as well as referrals to special education for middle school 
levels students, with SRSS-IE 12 subscale scores (SRSS-E7, SRSS-I5) 
yielding similar outcomes. Results were highly consistent at the high 
school level, with the exception of fall externalizing scores not 
predicting referrals to special education and nurse visits being 
predicted consistently across models at the high school level and not 
so at the middle school level. Pending replication, we are cautiously 
optimistic about this preliminary evidence SRSS-IE 9 subscale scores 
predict important student outcomes in secondary schools. Next, it will 
be important to replicate all findings – K-12 and conduct subsequent 
studies to ascertain new cutting scores for the SRSS-IE 9 for 
elementary, middle, and high school contexts. These future scores are 
important for practitioners (and researchers) who currently use these 
risk categories (low-, moderate-, and high-risk for internalizing and 
externalizing behaviors) to (a) examine overall levels of externalizing 
and internalizing behavior patterns for the school (or district), (b) 
determine when teachers may benefit from incorporating low 
intensity supports (e.g., precorrection, instructional choice) into 
instruction, and (c) detect students who might need more than Tier 
1 efforts.
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