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ABSTRACT

SEEKING OR RISK: MENTAL HEALTH SYMPTOMS AND ASSOCIATED BEHAVIORS

IN COLLEGE STUDENT-ATHLETES

College mental health symptomatology is highly prevalent on college campuses across
the nation. College student-athletes experience mental health issues at similar rates to their non-
athlete peers. However, most colleges and universities do not have formal plans to address their
student-athletes’ mental health concerns. Considering the heterogeneity in experiences with
mental health issues like anxiety and depression, applying person-centered analyses may help
discern unidentified subgroups of student-athletes at greater risk of negative outcomes. The
present study used latent class analysis to discern unidentified subgroups of student-athletes
mental health symptoms and determine whether subgroups were associated with varying rates of
help-seeking behaviors, health risk behaviors, and performance-related outcomes. Results
indicated that a five-class model best fit the data, and that this model did not fit equally well for a
comparative sample of non-student-athletes. Patterns of symptom endorsement within these
classes ranged from high endorsement of all symptoms within the past month, to recent
endorsement of feeling overwhelmed and exhausted, to no current or past-year mental health
symptoms. Subsequent auxiliary testing identified classes of mental health symptoms associated
with higher likelihood of engagement in health-risk behaviors and issues that could affect
athletic performance. This study represented the first effort to discern latent subgroups of
student-athletes characterized by varying experiences with mental health symptoms. Findings

from the present study can help identify at-risk student-athletes in need of mental health support
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to attenuate symptom distress and mitigate negative consequences associated with these
concerns. Further, athletic departments can use these findings to integrate simple mental health
screening tools already circulating at schools across the nation to better support their student-
athletes’ mental health concerns. Potential application of these screening tools and treatment

planning options are discussed.
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INTRODUCTION

College Mental Health

Approximately one out of every three first-year college students across nine countries
qualified for at least one anxiety, mood, or substance use disorder diagnosis (Auerbach et al.,
2018). Among US college students, findings suggest an increase in reported diagnoses and
treatment of insomnia, ADHD, OCD, and panic attack symptoms (Oswalt et al., 2020).
Treatment-seeking has increased from 19% in 2007 to 34% in 2017 among US college students
and stigma has decreased, but a 14% increase in lifetime mental health diagnoses is hypothesized
to be a primary reason why more college students are seeking treatment (Lipson et al., 2019).
Rates of depression and suicidality have also increased from 24.8% and 5.8% respectively in
2009 to 29.9% and 10.8% respectively in 2017 (Lipson et al., 2019). Lack of seeking treatment
for mental health disorders negatively affects physical health, academic performance, and mental
wellbeing (Buchanan, 2012; Eisenberg et al., 2009). Specifically, depression and anxiety are
associated with greater physical health issues, lower grade point average, nonsuicidal self-
injurious behaviors, suicide, and withdrawal from college (Buchanan, 2012; Eisenberg et al.,
2009). While stigma has decreased and service utilization has increased over the last decade,
college students are experiencing higher rates of a variety of mental health disorders. This
highlights the importance of further understanding the symptoms experienced by college
students and associated negative outcomes.
Student-Athlete Mental Health

Despite high prevalence rates of mental health concerns among college students, rates of

college student-athlete mental health have been infrequently examined. The National Collegiate



Athletics Association (NCAA) reported that 35% of Division I men’s basketball players and
30% of women’s basketball players frequently felt overwhelmed by the tasks they needed to
complete (NCAA, 2016). Among Division I college athletes, approximately 33% reported
experiencing symptoms of depression (Cox et al., 2017). Similarly, a separate study identified
that of the 958 Division I student-athletes surveyed, 28.8% and 21.7% of student-athletes
reported anxiety and depressive symptoms respectively prior to their season starting (Li et al.,
2017). Considering general prevalence of anxiety and depressive symptoms among non-athlete
peers was 14.9% and 12.2% respectively (Oswalt et al., 2020), it is key to further understand
prevalence and behaviors associated with student-athlete mental health symptoms.

While student-athletes have similar, and in some cases greater, vulnerabilities to mental
health problems compared to the general population (Rice et al., 2016), less than 40% of
academic institutions reported having a written plan to identify and support student-athlete
mental health (Kroshus, 2016). Further, at least 44% of Division I athletes surveyed noted they
received no mental health education from their athletic department (Cox et al., 2017). These
findings suggest that despite high rates of anxiety, depression, and other mental health issues,
student-athletes encounter difficulties accessing mental health care. Mental health issues like
anxiety or depression, are associated with decreased motivation (Sheehan et al., 2018), injury
(Podlog, 2016), and more frequent heavy episodic drinking (Rexroat, 2014). Considering that
student-athletes have different experiences and responsibilities than their non-athlete peers, it is
important to discern whether student-athletes have unique patterns of mental health concerns and
may therefore require unique plans to get connected with support. While studies have identified

rates of mental health symptoms and consequences of these issues, studies have not yet explored



ways these symptoms cluster together and whether particular symptoms/patterns of symptoms
are associated with different outcomes.
Measurement of College Physical and Mental Health

The American College Health Association’s (ACHA) National College Health
Assessment (NCHA) survey provides a unique opportunity to examine health behavior within a
nationally representative sample of college students. Participation in each semester survey
between Fall 2015 and Spring 2019 ranged from 19,664 student participants across 40 schools to
over 88,000 student participants across 140 schools totaling at least 426,000 participants
(ACHA, 2015, 2016a, 2016b, 2017a, 2017b, 2018a, 2018b, 2019). The survey collects responses
regarding physical health issues, mental health issues, substance use, exercise, sex behavior, and
academic performance (ACHA, 2015-2019). While these types of surveys may limit the ability
to examine specific issues in depth, they can allow researchers to explore a variety of research
questions aimed at developing a more comprehensive understanding of health issues, risks, and
behaviors. Regarding this project, the NCHA survey provides the rare chance to use secondary
data analytic techniques to explore mental health symptoms and associated behavioral outcomes
within a generalizable sample of college student-athletes. Through this, we can use commonly
asked mental health screener items to explore student-athlete mental health and associated
behavioral and performance-related outcomes. These efforts address the present gap in the
literature of ways different patterns of symptoms may be associated with varying protective and
risky behaviors.
Theoretical Perspectives

Mental Health



Emotions have been described as superordinate programs that direct perceptual processes
like attention, memory, motivation, and physiological processes like heart rate and endocrine
functions (Cosmides & Tooby, 2000). From an evolutionary psychology perspective, this
suggests that emotions and emotional states serve functional purposes in situations from long
ago, and likely result in alternate or varied consequences in present-day situations (Cosmides &
Tooby, 2000). For example, depressive states can be viewed as an adaptive response to
investment in a situation that did not result in an expected return on investment or insufficient
investment in a highly valued situation that resulted in a loss. This experience of depression can
re-orient the individual to change behavior in efforts to avoid similar consequences in the future
(Cosmides & Tooby, 2000). Additionally, anxiety is reported to help an individual identify
potential sources of dangers (i.e., stressors) and effective ways to respond to this threat (Marks &
Nesse, 1994). For example, an anxiety response to the presence of a predator can help orient the
individual to the danger (e.g., the predator) and how to respond to it (e.g., fight, flight, or freeze).
Extreme and/or surprise situations can result in panic, leading to less adaptive response patterns
in situations (Marks & Nesse, 1994). These studies identify that emotions serve adaptive
functions and can help to facilitate effective responses to stimuli.

The anxiety state resulting from hearing the predator rustling the grass behind an
individual is no longer as common as the anxiety state resulting from the upcoming deadline to
file taxes (Sapolsky, 2004). While the situations have changed, the body’s response to anxious
and depressive states has remained the same. Regarding anxiety, individuals experiencing
anxiety are likely to experience the activation of the sympathetic nervous system and inhibition
of systems regulated by the parasympathetic nervous system. Specifically, physiological effects

like increased heart rate, muscle tension, increase perspiration, and changes in skin temperature



are observed in individuals experiencing anxiety (Kushki et al., 2013). However, the persistence
of situations eliciting emotional states and the persistence of the body’s stress-response can lead
to negative consequences. For example, frequent and/or sustained activation of the stress-
response can lead to the development of and/or poorer outcomes related to heart disease (Hérter
et al., 2003; Konstam et al., 2005). Further, anxiety is associated with greater risk of developing
gastrointestinal problems, migraines, and urinary and genital problems (Hérter et al., 2003).
Similarly, depression is associated with worse outcomes of heart disease and higher rates of
mortality (Konstam et al., 2005). Despite the adaptive components of anxiety and depression,
findings described above suggest that sustained anxiety and depression are associated with the
development of physical health problems and poorer physical health outcomes.

While state anxiety and depression have adaptive features (Cosmides & Tooby, 2000;
Marks & Nesse, 1994), sustained or trait anxiety and depression manifest as psychological
disorders (Konstam et al., 2005). Major depressive disorder is characterized by the presence of
consistently depressed mood, anhedonia, fatigue, sleep disturbances, diminished motor
functioning, concentration difficulties, weight loss, and/or suicidal ideation for at least two
weeks (American Psychiatric Association, 2013). Prevalence of this disorder is highest among
college-aged individuals (18-29 years old; American Psychiatric Association, 2013). Generalized
anxiety disorder is characterized as excessive worry most days for at least six months resulting in
feelings of restlessness, fatigue, muscle tension, difficulty concentrating, irritability, and sleep
disturbances (American Psychiatric Association, 2013). Approximately 19% of college students
reported experiencing a major depressive episode within the past year, and 17% reported having
a generalized anxiety disorder diagnosis within the past year (Auerbach et al., 2018). These

findings suggest that these disorders are both highly prevalent among college students and can



have significant effects on daily functioning. Additionally, these findings identify several
different symptoms and clusters of symptoms that can characterize disordered anxiety and
depression. While surveys such as the ACHA’s NCHA do not typically directly assess symptoms
of anxiety and depression as defined by diagnostic manuals, they often assess mental health via
items reflective of the symptoms listed above. Therefore, it is key to consider the variability in
symptom presentation across persons experiencing anxiety and/or depression.

Considering the high prevalence coupled with the effects of symptoms and other
outcomes associated with these disorders, it is important to understand why anxiety and
depression may be experienced as disorders and not as adaptive. Several theories have been
developed to help answer this question, including the role that cognitive and behavioral
avoidance plays in the development and sustainment of these psychological disorders (Moulds et
al., 2007; Newman & Llera, 2011). Cognitive and behavioral avoidance can be defined as the use
of thought or behavioral strategies to avoid content or stimuli related to the depression or
anxiety. Given that, in their adaptive forms, anxiety and depression help orient an individual’s
attention to stimuli and ways to effectively respond to stimuli (Cosmides & Tooby, 2000),
avoidance likely limits the ability to respond adaptively to anxious and depressive states.
Avoidance has been identified as a significant contributor to depression and anxiety (Moulds et
al., 2007; Newman & Llera, 2011). Regarding depression, individuals likely to engage in
cognitive avoidance were in turn more likely to engage in rumination (Moulds et al., 2007).
Further, avoidance predicted unique variance, above and beyond anxiety and rumination, of
depression scores in college students (Moulds et al., 2007). Similarly, avoidance is hypothesized
to sustain feelings of worry in anxiety in efforts to avoid the potential outcome of a shift from

positive to negative emotion (Newman & Llera, 2011). In support of this, findings suggest that



individuals reporting feeling worried prior to exposure to emotional clips helped them feel more
able to cope (Llera & Newman, 2010). With both theories of avoidance in anxiety and
depression, attention appears oriented towards strategies that sustain symptoms. This suggests
that attention to stimuli contributing to anxiety or depression may help lead to adaptive
responses.

Evolutionarily, anxiety and depression served to help orient an individual’s attention to
stimuli to help determine subsequent actions (Cosmides & Tooby, 2000; Marks & Nesse, 1994).
The situations eliciting anxiety and depressive states have changed, but the body’s response has
not, resulting in anxiety and depressive disorders and associated negative outcomes. Theory
suggests that avoidance may help to explain present-day anxiety and depressive disorders
(Moulds et al., 2007; Newman & Llera, 2011). The avoidance likely sustains anxiety and
depressive states through misdirected attentional efforts. Findings indicate that individuals with
high levels of anxiety experience attentional bias towards content perceived as threatening (Bar-
Haim et al., 2007). This suggests that anxiety can lead to shifts in attention away from relevant
stimuli, likely limiting adaptive responses to the anxiety. With depression, findings suggest that
slow attentional shifts from negative content and rapid shifts from positive content increased
rumination and depression severity (Yaroslavsky et al., 2019). Similarly, greater attentional
focus on negative stimuli was associated with quicker MDD onset compared to those focusing
less on negative content (Woody et al., 2015). These findings further indicate that when attention
shifts from the appropriate stimuli, state anxiety and depression can worsen and develop into
pathology. While all anxiety and depression are not maladaptive, it is crucial to determine what
characteristics of these states result in greater risk of maladaptive outcomes for individuals.

These efforts can help identify those in the greatest need of intervention and treatment.



Student-Athletes

For the purposes of this study, it is necessary to establish operational definitions for
student-athletes and non-athlete peers. While approximately 63% of undergraduate college
students sampled reported engaging in high intensity cardio/aerobic exercise at least one day in
the past week (American College Health Association, 2012), additional factors and stressors are
present for student-athletes that help differentiate them from their non-athlete peers. Araujo
(2016) proposes several criteria to help define an athlete: training to improve sport performance,
active participation in sport competitions, involvement in a local/regional/national sport
federation, and that training for sport is a major activity or focus in life. A typical large
university will offer several athletic participation levels including varsity and club athletics, with
club sports being less competitive and time-consuming than varsity, and not governed by a
national body like the NCAA. Division 1 varsity student-athletes engage in 20 hours per week of
“countable” athletically related activities and four hours per day, not including optional activities
related to their sport participation (NCAA, 2020a). NCAA Division 3 programs, usually smaller
schools that do not offer athletic scholarships, can have student-athletes engage in athletic-
related activities six days per week for up to 19 weeks while the sport is in its playing season
(NCAA, 2020b). Club student-athletes’ expectations and experiences often differ by sport and by
program, with findings suggesting this population should be examined as separate from the
varsity student-athlete and non-student-athlete populations (Marten et al., 2021). The present
study defined “student-athletes™ as college students reporting participation in varsity Division I,
II, and III athletics within the past year, as these are students that train, actively compete, are
formally part of the NCAA, and have sport as a major activity in their lives. Regarding their non-

athlete peers, this study defined “non-student-athletes” as students that did not endorse any



varsity or club sport participation within the past year. Club student-athletes were excluded from
analyses, as they are often best grouped as separate from varsity student-athletes and non-athlete
students.

Student-Athlete Mental Health. College student-athletes manage similar school-related
stressors to their non-athlete peers, in addition to the time- and sport-related stressors discussed
above (Araujo, 2016). Therefore, it is important to better understand student-athlete mental
health, including potential unique experiences with mental health symptoms compared to their
non-athlete peers. For example, the individualized zones of optimal functioning (IZOF) model
argues that individual athletes have zones of optimal anxiety levels that lead to best or peak
performance (Hanin, 1997). The IZOF model also integrates ways that varying levels of anger
and tension can also benefit performance (Hanin, 2007). Within this model, emotional states are
considered adaptive at varying levels for individuals. However, it is also indicated that too much
or too little emotion can have a detrimental effect on performance. This model is consistent with
the general views of mental health presented earlier, that emotional states can be adaptive while
sustained emotionality can lead to greater negative outcomes.

Considering the role of attention in both sustainment of anxiety/depression states and
symptoms of these disorders, theories related to attention and performance, like attentional
control theory (Eysenck et al., 2007), may better differentiate adaptive and maladaptive
emotionality in sport. Attentional control theory posits that adverse effects of anxiety depend on
ability to control attention through inhibition and shifting cognitive efforts (Eysenck et al., 2007).
This theory suggests that not all anxiety negatively affects performance, as it can lead to greater
effort and attention to the stimuli. Eysenck et al. (2007) suggest that individuals have two

systems: 1) a goal-directed attentional system governed by expectations, knowledge, and goals,



and 2) a stimulus-driven attentional system governed by important and/or noticeable stimuli.
Increased anxiety can affect the balance between these systems and shift attention to stimuli and
away from goals, negatively affecting performance (Eysenk et al., 2007). Further research
supports these hypotheses, noting that high anxiety participants had worse motor efficiency when
motor tasks required precision and greater attentional resources (Coombes et al., 2009).
Similarly, depression was associated poorer attentional flexibility on attentional control tasks
(DeJong et al., 2019). However, findings in this study identified that persons with higher
depression, rumination, and anxiety were better able to ignore distracting information to
complete a specific task (DeJong et al., 2019). Relating these findings to sport, athletic activities
often require participants to attend to, synthesize, and react to a variety of information quickly
and efficiently. When athletes can focus on fewer pieces of information, whether due to expertise
or individual sport-specific factors, anxiety and depression may serve adaptive functions for the
athlete. However, when sport tasks require greater attentional flexibility, anxiety and depression
affect attentional control which, in turn, affect performance (DeJong et al., 2019). Like the [ZOF
model described above, these findings underscore the importance of a nuanced, person-centered
approach to exploring anxiety and depression in sport.

While the models described above continue to illustrate ways that anxiety and depression
can be helpful or harmful to a student-athlete’s performance, they fail to explore the potential
negative consequences of these states/disorders in greater depth. Focusing first on performance
outcomes, depression and anxiety are thought to affect performance in several ways beyond
attention. Findings suggest that highly anxious athletes exert greater muscular effort before,
during, and after motor tasks and experience significant muscle fatigue related to sport

performance than their low anxious peers (Pijpers et al., 2003; Weinberg & Hunt, 1976). Further,
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athlete’s report perceiving anxiety as having a significantly negative effect on their performance
(Khan et al., 2017). Depression is associated with fewer competition planning behaviors,
suggesting that athletes with depression are less likely to plan and engage in pre-competition
behaviors aimed at improving performance (Arruza et al., 2009). Athletes with depression are
also more likely to respond negatively to times they do not achieve their performance goals,
increasing depression and other negative responses (Hammond et al., 2013). Together, anxiety
and depression are major determinants of burnout in athletes (Alexandra et al., 2018). Regarding
other negative outcomes associated with depression and anxiety, athletes with anxiety and
depression were more likely to use cannabis to cope with these symptoms (Zeigler et al., 2019).
Research suggests anxiety is associated with poorer academic performance (Edwards & Froehle,
2021; Petrie & Russell, 1996). Collectively, anxiety and depression can increase risk of several
negative outcomes. However, studies generally have not explored whether specific patterns of
symptoms are associated with varying levels of risk of these consequences.

Collectively, research suggests that emotional states like anxiety and depression can be
adaptive at a variety of levels for athletes (Hanin, 1997, 2007). However, too much or too little
can negatively affect an athlete’s mental health and sport performance (Hanin, 1997, 2007). In
response to decreased athletic performance, athletes may subsequently experience elevated stress
and depressive symptoms, further exacerbating and sustaining distress. Considering the variety
of negative consequences of anxiety and depression in sport, like performance inhibition,
burnout, substance use, and academic struggles, it is key to understand what aspects of anxiety
and depression may be more strongly associated with greater risk of negative behavioral and
performance outcomes. While IZOF and attentional control models serve to highlight the

adaptivity and maladaptively of anxiety and depression in sport, particularly as they relate to
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sport performance, they fail to identify patterns of these symptoms experienced by groups of
student-athletes that are associated with enhanced risk of negative consequences. It is important
to understand the unique experiences student-athletes may have with mental health symptoms.
Help-Seeking Behavior in College and Sport

Help-seeking behaviors within the context of mental health were defined as the efforts to
seek help and support to address mental health concerns. College student-athletes have access to
a variety of additional health-support services, including athletic trainers, coaches, and mental
performance consultants (Moreland et al., 2018). Research indicates that a variety of mental
health interventions and prevention efforts are effective at reducing mental health problems
related to anxiety and depression (Conley et al., 2017; Huang et al., 2018; Lattie et al., 2019).
Mental health service utilization has increased to 36% in the last 10 years (Lipson et al., 2019),
indicating greater numbers of college students are seeking mental health support than in the past.
However, athletes are generally less likely than their nonathlete peers to seek mental health
services, 23% to 31%, respectively, despite reporting similar rates of anxiety and depression
(Edwards & Froehle, 2021), particularly athletes with higher levels of depression (Drew &
Matthews, 2018). Understanding the potential barriers to student-athletes seeking mental health
services is essential to develop effective interventions.

There are several barriers to help seeking, including perceived stigma associated with
mental health, low mental health literacy, and past negative experiences with mental health
services (Castaldelli-Maia et al., 2019). One challenge to effectively assessing student-athlete
mental health and service utilization is the variety of ways these services are conceptualized by
researchers and institutions. In sport psychology, professionals can receive training to work with

athletes on performance-related issues and/or mental health issues. A recent meta-analysis noted
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several studies conceptualized utilization of services offered by professionals not trained in
providing mental health services as athlete mental health utilization (Moreland et al., 2018).
making operationalizing student-athlete mental health and help-seeking behaviors difficult. For
the present study, help-seeking behaviors were conceptualized as seeking therapy support to
address mental health concerns as this better reflects efforts to attend to relevant anxiety and/or
depressive symptoms examined in the study.
Health Risk Behavior in College and Sport

In addition to help-seeking behavior, it is also important to explore increased health risk
behavior on college campuses associated with anxiety and depression. Health risk behavior is
characterized as behaviors that may negatively affect health (Suris et al., 2008). Regardless of
the presence of anxiety or depressive symptoms, these health risk behaviors are highly prevalent
on college campuses (Dolphin et al., 2017; Huang et al., 2007; Krieger et al., 2018; Mancine et
al., 2020). While college students engage in a host of health risk behaviors including substance
use, risky sex, disordered eating, and risky driving, among the most prevalent is alcohol use and
heavy episodic drinking (four/five drinks in one sitting for women/men; Clarke et al., 2017;
Hingson et al., 2009; Krieger et al., 2018; Miech et al., 2016). At least 5% of worldwide deaths
in 2016 were attributed to alcohol use and related consequences (World Health Organization,
2018). About 40% of these deaths were due to physical and mental health conditions, while 49%
were attributed to injury (World Health Organization, 2018). Greater negative consequences
related to use are associated with larger quantities of and more frequent use (Looby &
Earleywine, 2007; Patrick et al., 2020). Alcohol use and heavy drinking are also associated with
other risk behaviors (e.g., driving under the influence, death from alcohol-related unintentional

injuries, physical assault, sexual assault; Hingson et al., 2009; National Institute on Alcohol
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Abuse and Alcoholism [NIAAA], 2015; Rexroat, 2014). Mental health is also associated with an
increased likelihood of engaging in health risk behavior. Specifically, depression and anxiety are
associated with greater alcohol use (Jao et al., 2019) and risky sex behavior (Dolphin et al., 2017;
Swanholm et al., 2009). The extant literature indicates these behaviors are highly prevalent
among college students and are associated with anxiety and depression.

College student-athletes appear to be at particularly high risk for engaging in health risk
behavior (Huang et al., 2007; NCAA, 2018). Approximately 42% of student-athletes endorsed
heavy-episodic drinking and 8% reported consuming at least 10 drinks per sitting (NCAA,
2018). Unprotected sex rates appear comparable, and higher for men, between student-athletes
and their non-athlete peers (Huang et al., 2007). Finally, disordered eating behaviors, including
binging and purging, are highly prevalent among athletes (Huang et al., 2007; Mancine et al.,
2020). These findings underscore the importance of further understanding health risk behaviors
among college student-athletes and the role that mental health may play in the increased risk.
Based on the available data from the ACHA’s NCHA, there was insufficient depth to examine all
health risk behaviors. While the present study focused on exploring alcohol use-related variables,
other health risk variables common among student-athletes were examined (e.g., risky sex,
disordered eating, and risky driving).

Measurement of Student-Athlete Mental Health

Typically, college student and student-athlete mental health is assessed via relatively
small samples (Arruza et al., 2009; Hammond et al., 2013; Khan et al., 2017; Pijpers et al., 2003;
Sheehan et al., 2018) and/or using descriptive statistics to identify prevalence and associations
between variables (Cox et al., 2017; Kroshus, 2016; Li et al., 2017; NCAA, 2016; Rexroat,

2014). These variable-centered approaches are largely concerned with identifying levels of
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variables (e.g., mean or median levels), or relations between variables (e.g., correlations,
regression coefficients). These types of analyses are more parsimonious, more familiar to
researchers, and can help summarize a population as a whole (Howard & Hoffman, 2018).
However, variable centered analyses can fail to identify unobserved or unexpected heterogeneity,
limiting the scope of subpopulations observed in the analysis. An alternative to variable centered
approaches that explicitly models heterogeneity of key variables within a population are person-
centered approaches.
Person-Centered Approaches

In contrast to variable-centered approaches, which examine relations among variables for
the entire analytic sample, person-centered analyses are used to identify similar patterns of
responses to variables from subsets of individuals (Bergman & Magnusson, 2003). Mixture
modeling is a commonly used approach to identify latent subgroups within data. This type of
modeling benefits from advantages of parametric and nonparametric modeling, increasing
flexibility in the analysis while keeping model parameters reasonable in size (McLachlan & Peel,
2000). For example, some mixture model approaches seek to identify unrecognized or undefined
subpopulations based on clustering of responses. These approaches infer probabilistic
subpopulation membership based on the data, as these memberships are not observed. Models
can be estimated using methods including maximum likelihood by evaluating and comparing the
fit of models with varying numbers of latent classes (McLachlan & Peel, 2000). These methods
balance applying specific parameters to limit statistical problems and flexibility to identify
previously undefined latent subpopulations. Through person-centered approaches like mixture
modeling, researchers can identify latent subgroups within a population and subsequently

explore differences in variables among these subgroups.
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Mixture modeling can be used to address a variety of research questions, including those
examined in multivariate, longitudinal, and cross-sectional designs. Finite mixture models,
specifically, assume the presence of unobserved subgroups and probabilistically assigns
individuals within the data to these subgroups based on patterns of responses within the data
(Berlin et al., 2014). Generally, these models can effectively identify latent subgroups within
cross-sectional and longitudinal data. Each individual has a probability of belonging in each
subgroup, helping to account for uncertainty and measurement error (Muthén, 2001). Within
finite mixture modeling, observed variables are inputted as indicators used to identify latent
subgroups. These models allow for a variety of types of variables, including continuous, ordered,
and dichotomous variable types within cross-sectional data (Muthén & Muthén, 1998-2017).
Finite mixture modeling using categorical or dichotomous indicators is referred to as latent class
analysis, while models using continuous indicators are called latent profile analysis (Berlin et al.,
2014). Latent class or profile models are estimated using theory-informed hypotheses predicting
the number of expected classes and/or exploratory approaches allowing researchers to estimate
as many classes as allowed by the data (Berlin et al., 2014). With these models, variances across
classes are restricted to be equal to reduce statistical problems (Berlin et al., 2014). Interpretation
and selection are the final stages of these models, with decisions based on model fit indices,
parsimony, and substantive interpretability. Following model identification, researchers can
explore differences in outcome variables across these subpopulations (Muthén & Muthén, 1998-
2017). Overall, finite mixture models provide flexible ways to identify latent classes/profiles
within cross-sectional data and subsequently explore relations between variables across the

identified subgroups.
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Additionally, these models allow for the inclusion of control and outcome variables
which can limit confounding effects and can be used to explore the relation between latent
classes and auxiliary variables (Asparouhov & Muthén, 2014). These relations can be tested a
variety of ways, depending on the type of auxiliary variable. The BCH method is recommended
to explore differences between latent subpopulations in continuous and categorical distal
outcomes (Bakk, & Vermunt, 2016; Asparouhov & Muthén, 2015) by accounting for varying
probabilities of class membership. The BCH method also uses the Wald test to assess
comparisons, global and pairwise, using the Chi-square statistic (Clark & Muthén, 2009).

While researchers have successfully explored student-athlete mental health via variable
centered approaches highlighted above (Cox et al., 2017; Hammond et al., 2013; Khan et al.,
2017; Kroshus, 2016; Li et al., 2017; NCAA, 2016; Rexroat, 2014), they have yet to explore
varying experiences with mental health among student-athlete participants via person-centered
approaches. As described throughout this introduction, anxiety and depressive symptoms vary in
severity and can often be adaptive for student-athletes. Findings describe the heterogeneity of
symptom experiences (Forbes et al., 2023), suggesting the importance of examining unique
patterns that may emerge related to symptoms endorsement. Student-athletes are also a
heterogeneous group of college students (Harper & Nichols, 2008; Zamboanga et al., 2021),
further highlighting the importance of considering this known heterogeneity when exploring
symptom expression and associated outcomes. Therefore, applying person-centered methodology
to address these considerations will help to describe the heterogeneity of experiences with
anxiety and depression that may be associated with greater risk of negative outcomes among
student-athletes. Unlike variable-centered approaches that assume a sample is best described by a

single set of parameters representing a population, person-centered approaches assume there are
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multiple subpopulations within a sample that should be described, each with its own set of
parameters. Regarding student-athlete anxiety and depression, applying finite mixture models
could help to identify unobserved subgroups that are at varying risk for mental health problems
and may be in greater need of intervention or treatment services.

Researchers have most often applied person-centered modeling approaches to explore
profiles of factors associated with greater risk of athlete burnout from sport (DeFreese & Smith,
2020; Gustafsson et al., 2018a, 2018b; Martinent et al., 2020). These findings have identified
profiles associated with greater burnout risk, providing more specific information to help
develop effective intervention efforts. Given the variability in experiences with mental health
and associated symptoms, exploring student-athlete mental health without first identifying latent
subgroups limits the conclusions that could be drawn, and therefore the implications of a study.
In the present study, latent classes of anxiety and depressive symptoms experienced by student-
athletes were identified, and differences in help-seeking, health risk, and performance-related
behaviors across subgroups were evaluated. These efforts will help identify classes of student-
athlete mental health symptoms associated with greater risk of negative outcomes.

Study Aim and Outcomes

In the present study, the first aim was to identify patterns of symptoms reported by
college student-athletes on a large, national health assessment. The second aim was to determine
whether different patterns of symptoms were associated with varying rates of help-seeking,
health risk behavior, exercise, and performance-related variables. The final aim was to determine
whether the same patterns of symptoms emerge among a comparative sample of non-student-
athlete participants. Findings from the present study may help illustrate ways to use traditional,

brief symptom measures to help identify classes of student-athlete mental health symptoms that
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may be associated with more frequent health risk behaviors and less willingness to seek
treatment for these symptoms without support.

Given that the ACHA’s NCHA survey is already distributed at up to 140 schools across
the nation (reaching nearly 500,000 students and student-athletes), findings may help identify
ways athletic departments can use the data to identify at-risk student-athletes and connect them
with appropriate support services. These efforts may provide essential information to the greater
than 60% of schools that do not currently have formal plans to connect their student-athletes with
necessary support (Kroshus, 2016). Additionally, findings related to potential similarities or
differences in classes of symptom endorsement between student-athletes and non-athletes can
help further inform treatment planning and interventions to support student-athletes most
effectively on college campuses. The present study also represents the first application of person-
centered methods to explore student-athletes’ experiences with anxiety and depressive symptoms
and associated behavioral outcomes. These efforts addressed an infrequently examined topic
among student-athletes, using person-centered methodology for the first time, within a nationally
representative sample of college students. The implications of this study may help identify
student-athletes at greater risk of negative outcomes associated with mental health and may help
schools and athletic departments develop strategies to connect at-risk student-athletes with
appropriate support services using surveys already distributed at many schools across the

country.
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METHOD

Participants

Participants in the present study were college students and student-athletes across the
United States that completed the ACHA’s NCHA survey between the fall academic semester in
2015 and spring semester in 2019. Between the fall 2015 and spring 2019 semesters, a minimum
of 40 and maximum of 140 schools distributed the survey to their students. The dataset includes
426,425 college student participants and 27,642 varsity student-athletes. Regarding age, the
median age of the self-identified non-athlete sample was 21 years old, and the median age of the
student-athlete sample was 20 years old. Regarding biological sex, 64.4% of student-athlete
participants reported they were female and 35.1% reported they were male. Within the non-
athlete sample, 69.7% reported they were female, and 29.9% reported they were male. Regarding
race, 78.5% of the student-athlete participants identified as White, 9.1% identified as Hispanic or
Latino/a, 8.3% identified at Asian or Pacific Islander, and 7.3% identified as Black. Among non-
athletes, 65.1% identified as White, 15.2% identified as Hispanic or Latino/a, 15% identified as
Asian or Pacific Islander, and 5.8% identified as Black. Further demographic information is
presented in Table 1.
Data Collection and Access

For the ACHA’s NCHA fall 2015 to spring 2019 data collection, schools self-selected to
participate and only schools in the United States that surveyed all students or used random
sampling to collect data were included in the study (ACHA, 2015, 2016a, 2016b, 2017a, 2017b,
2018a, 2018b, 2019). Participating schools administered the survey via online or hard-copy

formats. Identifying information about participants and participating schools were removed from
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the data prior to obtaining access. Data collection procedures were approved by the Colorado
State University Institutional Review Board. An additional data use request was submitted to
acquire permission to use the ACHA-NCHA data for this study.
Measures

This study used measures and items from the Fall 2015-Spring 2019 ACHA-NCHA
survey. The following sections highlight the items and describe the measures that were included
to address the study aims.
Demographics

Participants responded to several demographics questions as part of their participation in
the survey. Survey items asked participants to report typical demographic information, including
their age, biological sex, gender identity, race and ethnicity, and year in school. Further, the
demographics section included items regarding sport participation and school-specific items like
the size of school, geographic location, and setting of campus. These items (See Appendix A)
were used to identify the characteristics of the sample to help evaluate generalizability of the
findings.
Mental Health Items

The indicators used to help identify latent classes within the student-athlete sample were
the mental health screener items within the ACHA-NCHA survey. This mental health screener
includes 11 items assessing experiences and symptoms associated with anxiety and depression
(See Appendix B). These items were endorsed via a Likert-type scale with response options
ranging from no, never (0) to yes, in the last 30 days (4). Items within this screener include:
“Have you ever felt very sad,” “Have you ever felt overwhelming anxiety,” and “Have you ever

seriously considered suicide?” These mental health items were entered into the model as
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indicators to explore and identify latent classes of student-athletes characterized by different
patterns of anxiety and depressive symptoms. To keep the type and scale of measurement
consistent between indicator and outcome variables, responses to these indicator items were
recoded such that a value of “0” represented no, never or not in the last 12 months, a value of “1”
represented yes, in the last 12 months, and a value of “2” represented yes, in the last 30 days.
Following model identification, auxiliary testing using the items described below addressed
whether these latent mental health classes were associated with different rates of health risk,
help-seeking, and performance-related behaviors.

Health Risk Items

Several health risk behaviors were assessed within the ACHA-NCHA survey and were
included as auxiliary variables (See Appendix C). The behaviors that were included as outcome
variables for auxiliary testing were alcohol and cannabis use, risky sex, disordered eating, and
risky driving/riding behaviors.

Alcohol Use and Related Consequences. First, several items were included to assess
substance use as a health risk behavior. More specifically, this study focused on alcohol use, as
this is the most frequently used substance among college students and student-athletes (Buckner
et al., 2018; NCAA, 2018). The NCHA survey includes a variety of items assessing alcohol use.
However, not all use is problematic and presents as a health risk. Therefore, this study included
items related to frequency of use, frequency of heavy episodic drinking, and consequences of
alcohol use. Frequency of alcohol use was assessed via the following item: “Within the last 30
days, on how many days did you use?” Participants were given the following response options:
never used, have used but not in the last 30 days, 1-2 days, 3-5 days, 6-9 days, 10-19 days, 20-29

days, and used daily. Heavy episodic drinking was assessed via the following item: “Over the
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last two weeks, how many times have you had five or more drinks of alcohol at a sitting?”
Participants could respond with none, I time, 2 times, 3 times, 4 times, 5 times, 6 times, 7 times, 8
times, 9 times, and 10 or more times. Finally, consequences of alcohol use were assessed by
several items. The items, “Within the last 30 days, did you drive after drinking any alcohol at all”
and “Within the last 30 days, did you drive after drinking five or more drinks of alcohol” were
used to assess alcohol use resulting in risky driving behavior. Participants could respond with a
no or yes. Participants also responded to nine items related to other consequences associated with
their alcohol use. They were asked “Within the last 12 months, have you experienced any of the
following when drinking alcohol” and could respond with a no or yes. Examples of these items
are: “Did something you later regretted” and “Had unprotected sex.” These alcohol use items
helped assess both frequency of use and use that increases health risk among student-athlete
participants.

Risky Sex Behaviors. The ACHA-NCHA survey includes several items assessing sexual
intercourse, including items related to risky sex. Risky sex, including unprotected sex and having
multiple partners, is a highly prevalent behavior among college students (Buckner et al., 2018)
and student-athletes (Huang et al., 2007). To assess risky sex, participants were asked to report
“Within the last 12 months, with how many partners have you had oral sex, vaginal intercourse,
or anal intercourse?”” Additionally, participants were asked “Within the last 30 days, how often
did you or your partner(s) use a condom or other protective barrier (e.g., male condom, female
condom, dam, glove) during oral sex, vaginal intercourse, or anal intercourse?” They were given
the following response options: never, rarely, sometimes, most of the time, and always. Inclusion
of these items helped to represent risky sex among the latent classes of student-athletes identified

within this study.
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Disordered Eating Behaviors. Another prevalent health risk behavior among college
student-athletes is disordered eating behaviors. While not thoroughly assessed within the
ACHA’s NCHA survey, the following items were included to represent disordered eating
behaviors of student-athletes: “Within the last 30 days, did you vomit or take laxatives to lose
weight” and “Within the last 30 days, did you take diet pill to lose weight?”” Participants could
endorse yes or no as a response. These items represent efforts, beyond exercise and food
consumption, to manage weight that can lead to increased risk to physical and mental health.
Including these items helped determine whether different mental health symptom patterns
experienced by student-athletes were associated with different disordered eating behavior.

Risky Driving. Finally, several additional items within the survey assessed risky
driving/riding behaviors. Participants were asked “Within the last 12 months, how often did you
wear a seatbelt when you rode in a car, “Within the last 12 months, how often did you wear a
helmet when you rode a bicycle,” and “Within the last 12 months, how often did you wear a
helmet when you rode a motorcycle?”” The following were the response options to these items:
never, rarely, sometimes, most of the time, and always. These items helped to expand this study’s
exploration into college student-athlete health risk behaviors.

Help-Seeking Items

In addition to health risk behaviors, it is important to determine whether different patterns
of anxiety/depressive symptoms are associated with varying rates of help-seeking behaviors. In
the present study, help-seeking was defined as efforts to seek mental health support in relation to
symptoms they are experiencing. Considering mental health symptoms, particularly those
associated with anxiety and depression, are persistent and can reappear over time, it was

important to consider whether a student-athlete had sought treatment from a trained professional
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in the past, if they were currently in treatment, and if they would consider seeking treatment in
the future. Whether a participant sought help in the past was assessed by the question “Have you
ever received psychological or mental health services from a counselor/therapist/psychologist or
psychiatrist?” Participants were given no and yes as response options. Recent and/or current
help-seeking was assessed by the question “Have you ever received psychological or mental
health services from your current college/university’s Counseling or Health Service?”
Participants were given no and yes as response options. Finally, future willingness to seek help
was assessed by the question “If in the future you were having a personal problem that was really
bothering you, would you consider seeking help from a mental health professional?” Participants
were given no and yes as response options. Collectively, these items (see Appendix D) assessed
past help-seeking behaviors and current attitude towards seeking help while in school and
beyond.
Performance-Related Items

When considering outcomes important to college student-athletes, it is key to include
performance-related outcomes that could affect a student-athletes sport performance and/or
ability to compete within their respective sport. These outcomes, represented in the ACHA’s
NCHA survey, include exercise rates, sleep, and academic performance (See Appendix E).

Exercise. Lower exercise rates among student-athletes may negatively affect athletic
performance, underscoring the importance of discerning whether different classes of mental
health symptoms may be associated with varying rates of exercise among college student-
athletes. This was assessed via self-reported frequency of completing several exercise activities.
Participants were asked “On how many of the past 7 days did you do moderate-intensity cardio

or aerobic exercise (caused a noticeable increase in heart rate, such as a brisk walk) for at least
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30 minutes,” “On how many of the past 7 days did you do vigorous-intensity cardio or aerobic
exercise (caused large increases in breathing or heart rate, such as jogging) for at least 20
minutes,” and “On how many of the past 7 days did you do 8-10 strength training exercises (such
as resistance weight machines) for 8-12 repetitions each?”” The response options provided for
these items were the following: 0 days, I day, 2 days, 3 days, 4 days, 5 days, 6 days, and 7 days.

Sleep Difficulties. Next, sleep disturbances are associated with poorer athletic
performance (Brauer et al., 2019; Fullagar et al., 2014). Sleep issues were assessed by the items
“In the past 7 days, how often have you awakened too early in the morning and couldn’t get back
to sleep,” “In the past 7 days, how often have you felt tired, dragged out, or sleepy during the
day,” “In the past 7 days, how often have you gone to bed because you just could not stay awake
any longer,” and “In the past 7 days, how often have you had an extremely hard time falling
asleep?” The response options provided for these items were the following: 0 days, 1 day, 2
days, 3 days, 4 days, 5 days, 6 days, and 7 days. Sleep problems were also assessed by the item
“Within the last 12 months, have sleep difficulties been traumatic or very difficult for you to
handle?” Participants were given no and yes as response options.

Academic Performance. Finally, student-athletes are required to maintain a minimum
grade point average to be eligible to compete within their sport, underscoring the importance of
maintaining academic performance. To assess academic performance, the following item was
included as auxiliary variables: “Within the last 12 months, have academics been traumatic or
very difficult for you to handle.” Participants were given no and yes as response options for this
item.

Collectively, the above listed health risk, help-seeking, and performance outcomes were

used to discern ways that patterns of anxiety/depressive symptoms can differentially affect
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variables directly associated with athletic performance. The inclusion of these variables helps to
expand the finding and implications associated with the present study, as interpretations will
explore physical, mental, and performance-related outcomes. Means and standard deviation
values of indicator and outcome items for the student-athlete and non-athlete samples are
presented in Table 2. Additionally, inter-item correlation values for indicators and outcomes for
the student-athlete and non-athlete samples are presented in Tables 3 and 4, respectively.
Analysis Plan

Data Preparation

Recoding. Prior to model estimation, I completed several steps to prepare the data. First,
I recoded indicator variables so that the time frame of reported mental health symptoms, help
seeking, health-risk, and performance related variables better aligned. Initially, participants
endorsed whether they had experiences with each mental health symptoms within the last two
weeks, the last month, the last year, ever in their lifetime, and never. Since most auxiliary
variables assessed behaviors within the past month or year, I recoded indicators so that values
represented past month, past year, and never/not in the last year experiences with mental health
symptoms. Next, I recoded covariate and auxiliary variables to assist in the interpretability of
findings. For example, regarding the item “within the last 30 days, on how many days did you
use alcohol,” I recoded the value of the response option “never used” from 1 to 0 and each
subsequent response option was recoded to one value lower than it was originally coded.
Similarly, I recoded exercise performance variables such that a value of 0 represented “0 days in
the past week,” a value of 1 represented “1 day,” and so on to clearly represent exercise activity
in the past week. Overall, these recoding and cleaning steps helped increase consistency in

measurement and clarity in interpretation during the model estimation and auxiliary testing
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phases of the analytic plan. Please see Appendix F for the syntax used to clean, compute, and
recode variables.

Assumption Testing. The next step before estimating the models was to check model
assumptions to determine whether additional transformation steps were needed. The primary
assumption for mixture modeling methods like latent class analysis is local independence, which
assumes that each observed indicator variable is independent of one another (Sinha et al., 2021).
To assess whether this assumption is violated, Sinha et al. (2021) recommends examining the
correlation matrix (see Table 3) and eliminating variables which are strongly correlated to
another. However, there is no recommended value in the literature that indicates “strong”
correlation that would violate the assumption of local independence. While no empirical cut-off
value exists, correlation values at or slightly above 0.5 should be evaluated critically since they
may impact model estimation and fit indices (Sinha et al., 2021). The assumption of local
independence can be relaxed when collinearity is expected and/or if variables are deemed too
important to exclude (Braeken, 2011). In the present study, several variables had correlation
indices at or above 0.5, with values ranging from 0.5-0.68. I examined item pairs that had
correlation values at or above 0.5 to determine whether items should be removed or combined to
limit redundancy. I determined that the item pairs with high correlation values were expected to
be related and were also too important on their own to remove or combine. For example, the item
pair with the highest correlation coefficient (0.68) was “felt very lonely” and “felt very sad.”
While these symptoms are often experienced together, findings indicated that loneliness and
sadness are unique enough on their own to warrant separate assessment (Dahlberg, 2022);
therefore, I elected to leave the variables in their original form for model estimation.

Model Estimation
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Latent subgroups were derived using person-centered analytic methods with 11 mental
health screening items included in the ACHA-NCHA survey (See Appendix B) entered as
indicators. To better align measurement types across indicator and outcome variables, the
indicator variable was recoded to better represent participant experiences with mental health
symptoms within the last year. A value of 0 represented “Never, or not in the past year,” a value
of 1 represented “Yes, in the last year,” and a value of 2 (“Yes, in the last 2 weeks”). Latent class
analyses (LCAs) were run in Mplus Version 8 using the maximum likelihood with robust
standard errors (MLR) estimator, and indicators were specified as “categorical” (Muthén &
Muthén, 1998-2017). The MLR estimator can effectively handle analysis of continuous data that
may be non-normal and contains missing data (Berlin et al., 2014; Spurk et al., 2020). First, to
determine whether potential clustering of responses within the same school and region may
affect classification during estimation, intraclass correlation coefficients (ICCs) were generated
using Mplus. The average ICCs for the indicators was below 0.05, which suggests that the
potential effect of clustering among school region and size may be minimal (Hox, 1998).
Additionally, the MLR estimator is as an effective way to handle potential clustering of
responses, further limiting the potential impact of clustering by school size and/or location
(Spurk et al., 2020). Next, age, biological sex, and variables assessing whether participants had
been diagnosed with an anxiety, depressive, or other mental health diagnoses were entered in as
covariates to limit potential confounds that may affect discerning latent subgroups of mental
health symptoms.

Additionally, I used the full information maximum likelihood (FIML) estimation method
to address missing data. This estimation method is recommended for handling missing data

because it makes use of all data available and produces unbiased parameter estimates (Cham et

29



al., 2017; Sinha et al., 2021). For categorical variables, FIML uses all the data available,
including partial data, to maximize the log-linear likelihood function during model estimation
(Enders, 2010). This allows for researchers to make use of variables with missing data, without
having to remove large amounts of data and/or impute values where there is missingness. While
computationally complex, the FIML method is the default method for models run with MLR in
Mplus (Muthén & Muthén, 1998-2017). FIML makes use of all the available data and removes
cases where there is no available data. For the present study, there were several instances in
which cases were removed during model estimation because there was no available data for the
FIML method to pull from. Within the student-athlete sample, there were 13 such cases
(approximately 0.05% of the sample) where there was no available mental health symptom data
to pull from. Therefore, these cases were removed and not included in model estimation.
Additionally, there were 1,813 cases (approximately 6.56% of the sample) where there was no
available age, biological sex, or mental health diagnosis data available. Since these variables
were entered as covariates in the model, these cases were also removed during model estimation.
I completed a series of LCAs, starting with a single-class model and adding one profile to
each subsequent analysis, until model fit began to deteriorate. Model fit was evaluated through
interpretation of model fit indices, parsimony, and substantive interpretability. In other words,
the best fitting model was the one that had the fewest number of classes while also meeting
established statistical criteria and the interpretation of the classes offers novel information and/or
fits with the understanding of the theory. Regarding model fit indices, recommendations made by
Nylund et al. (2007), Tein et al. (2013), and Muthén and Muthén (2000) were used to identify
indices and interpretation cut-offs/criteria. Sample-size adjusted Bayesian Information Criterion

(SABIC; Sclove, 1987), entropy (Celeux & Soromenho, 1996), average latent class probabilities
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(ALCP), and the Bootstrapped Parametric Likelihood Ratio Test (BLRT; McLachlan & Peel,
2000) were the fit indices interpreted to help select the best fitting model. While no formal rules
exist to determine the best stopping point when conducting a series of LCAs, interpretation of
these indices helped identify when model fit began to deteriorate.

Prior to discussing these indices in greater detail, it is important to note that model
selection was made via collective interpretation of all indices, as they are best used in concert
and not as standalone indices. The first index interpreted for model fit was the SABIC. The
SABIC is a comparative statistic aimed at identifying the most parsimonious model using
maximum likelihood estimates of the model (Sclove, 1987; Tein et al., 2013). This statistic
replaces the sample size term used to estimate other information criterion with an adjusted term,
preventing overfitting of the model (Tein et al., 2013). When interpreting the SABIC, values
closer to zero are preferred and the model with the lowest SABIC compared to other models is
preferred (Tein et al., 2013). If a model has a SABIC value lower than a model with one less
class, it was viewed as a better fitting model based solely on interpretation of the SABIC. While
this index has been identified as the most accurate model fit index, particularly with larger
sample sizes (Tein et al., 2013), interpretation of entropy, average latent class probabilities, and
the BLRT tests were also critical to final model selection.

Next, entropy is the collection of classification uncertainty within the model. When
uncertainty is high, it indicates that posterior probabilities are relatively similar across classes
(Celeux & Soromenho, 1996; Tein et al., 2013). Entropy values range from 0 to 1. Values at or
greater than 0.80 suggest adequate classification quality, with values closer to 1 being preferred

(Celeux & Soromenho, 1996; Jung & Wickrama, 2008). While a commonly used index when
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selecting a best fitting model, it is unreliable when used as a standalone index for model
selection (Tein et al., 2013).

Third, the BLRT evaluates model improvement by comparing each model with a model
with one fewer class (Nylund et al., 2007). This test generates a p-value by using a bootstrap
resampling method, with a significant p-value indicating the current model represents a
significant improvement over a model with one less class (McLachlan & Peel, 2000). The BLRT
may be a more stable and reliable index than other measures, like the Lo-Mendell-Rubin
likelihood ratio test (LMR), when conducting LCAs with large samples. This test helps in the
process of identifying the best-fitting model.

Finally, ALCPs represent the probability that individuals belong within each class
identified within the model. ALCP values on the primary diagonal indicate the probability that
individuals likely characterizing the class were correctly categorized within the class. Values
closer to 1 on the primary diagonal are preferred. The off-diagonal values indicate the probability
an individual was incorrectly categorized. In the off-diagonal, values close to 0 are preferred. For
example, a value of 0.90 on the primary diagonal for class one indicates that an individual that is
most likely to respond similarly to the pattern of responses characterized by class one has a 90%
chance of being correctly categorized within class one and a 10% chance of being incorrectly
categorized within the remaining classes. While no specific cut-off criteria have been identified,
the model where ALCPs on the primary diagonal are closest to one is preferred.

Overall, identifying a model requires considering multiple model fit indices, parsimony,
and the interpretability of the model. A model with a SABIC lower than a model with one fewer
class, an entropy value greater than 0.80, a statistically significant BLRT test, and average latent

class probability values on the primary diagonal close to 1 would indicate good model fit. Taking
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interpretability and parsimony into account, if a model with one fewer class has the same model
fit index conditions listed above and has interpretability that fits with the theory, then that model
was selected as the final, best-fitting model. Ultimately, final model selection involved
consideration of several pieces of information. Once the final model was selected, analyses were
conducted to determine whether a similar model would best fit a randomly selected subset of
non-athlete college students. Finally, outcome variables were introduced into the final student-
athlete model to conduct post-hoc auxiliary difference testing.

Post-Hoc Difference Auxiliary Tests

Mplus Version 8 (Muthén & Muthén, 1998-2017) was used to determine whether the
identified latent classes were associated with differences in help-seeking behaviors, health risk
behaviors, and academic/athletic performance-related outcomes. The BCH method was used
because it is more effective than other methods when examining differences among outcomes
within mixture models (Bakk, & Vermunt, 2016; Asparouhov & Muthén, 2015). The BCH
method best accounts for the probabilistic nature of membership to given classes, a known
limitation of other methodology like distal continuous (DCON) methods (Asparouhov &
Muthén, 2015). The BCH method uses the Wald test to assess global and pairwise comparisons
based on a Chi-square statistic (Clark & Muthén, 2009). For dichotomous distal outcome
variables, the BCH method was still used. Results of the BCH auxiliary tests for dichotomous
outcomes were interpreted as the probability of endorsing a value of “1” and not “0.”

Multigroup and Confirmatory Latent Class Analyses

Once the number of latent classes was identified within the student-athlete sample,
testing was conducted to determine whether the same model fit equally well for the non-athlete

sample as it fit the student-athlete sample. Mplus Version 8 (Muthén & Muthén, 1998-2017) was
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used to compare whether the best fitting model identified for student-athletes (see person-
centered analyses plan listed above) fit equally well for a randomly selected sub-population of
ACHA college student participants that identified as not competing in varsity or club athletics
within the past year. These comparisons are akin to invariance testing in factor analytic
methodology. However, unlike the variable-centered approaches to invariance testing, person-
centered approaches to invariance evaluate whether observed groups have similar probabilistic
class membership across latent classes and similar likelihood of endorsement across model
indicators.

While variable-centered approaches have clearly established procedures and
recommendations, there are no such procedures and recommendations to test for model
invariance using mixture modeling methods like latent class analysis. While studies have used
methods to identify invariant items when constructing tests via differential item functioning
(Sawatzky et al., 2018), these studies do not evaluate and compare overall model fit across
groups. Other methods, like multigroup and confirmatory latent class analyses, better evaluate
whether latent class models are similar between groups (e.g., Davis et al., 2019; Finch & Bronk,
2011). These methods allow for direct comparisons of model structure across observed groups
(e.g., male and female) and the application of model constraints to evaluate differences in class
probabilities and threshold values. Class probability refers to the probability that a given
participant belongs within each class in the estimated model. Threshold values for each indicator
in the model refer to the likelihood of endorsement of ““1,” with lower threshold values indicating
high likelihood of endorsement within the class and higher values indicating low likelihood of
endorsement. For latent class models, multigroup and confirmatory analytic methods most

effectively identify differences in class probability and thresholds across observed groups.
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To determine whether the best-fitting model for student-athletes fits equally well for non-
student-athletes, several models consistent with multigroup and confirmatory latent class analytic
methodology were estimated. First, several “knownclass” analyses (i.e., multi-group analyses in
a mixture modeling framework) were conducted in Mplus, one constraining class probabilities to
be equal across groups and one freeing probabilities, to determine whether class probabilistic
membership was equal across groups using the number of classes identified to be best-fitting to
the student-athlete sample. Mplus code for these “knownclass” models can be referenced in
Appendix G. Second, two latent class models were estimated using the non-student-athlete
sample, one constraining threshold values to be equal to those in the student-athlete model and
one allowing thresholds to be freely estimated. Mplus code for these constrained and free
threshold models can be referenced in Appendix H. Consistent with previous studies (Davis et
al., 2019; Finch & Bronk, 2011) and model fit recommendations listed above, differences in
comparative model fit indices like SABIC and entropy were observed to determine whether
differences in class probabilities and thresholds existed between student-athlete and non-student-
athletes. While there are no statistical tests to determine whether differences in SABIC or
entropy values are statistically significant, rules of thumb exist regarding how to interpret
differences in BIC values. Jeffreys (1961) reports that a difference of greater than 100 in BIC
values between models suggests the model with the smaller BIC value is decisively better fitting.
Considering that the SABIC index is the sample size-adjusted version of the BIC index and that
no rule of thumb exists for the SABIC at this time, models with a delta SABIC (ASABIC) of
greater than 100 were interpreted as the decisively better fitting model. Delta entropy (Aentropy)

values were used to provide additional statistical support when comparing models.
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RESULTS

Latent Class Analysis

A series of one- to seven-class LCA models was estimated, with age, biological sex, and
previous diagnostic history entered in as covariates. Model fit results for the series of LCAs
conducted using the student-athlete sample of the ACHA NCHA survey are presented in Table 5.
Several models provided good model fit based solely on interpretation of model fit indices. For
the one- to seven-class models, SABIC values were consistently lower for each model when
compared to a model with one fewer class. Entropy values for the two- through seven-class
models fell above the recommended cut off value of 0.80 (Celeux & Soromenho, 1996; Jung &
Wickrama, 2008). ALCP values for the two- and three-class models were above 0.90, indicating
a high likelihood of individuals being correctly categorized within the class most representative
of their response patterns. ALCP values remained high for the four- (0.88-0.95) and five-class
(0.85-0.92) models, also suggesting a high likelihood of individuals being correctly categorized
within the class representing their response patterns. Finally, the BLRT test was significant for
the three-, four-, and five-class models, indicating these models represented statistically
significant improvements over the two-, three-, and four-class solutions, respectively.
Collectively, these results suggest that a three-, four-, or five-class model all present good model
fit based on the interpretation of model fit indices. Final model selection among these three
solutions was made considering parsimony and substantive interpretability of the models.

The three-, four-, and five-class models were each evaluated based on parsimony and
interpretability of the model being consistent with theories of college student and student-athlete

mental health. The three-class model was the most parsimonious solution since it had the fewest
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number of classes, and the model had strong fit indices. Interpretation of the probability estimate
patterns of mental health symptom endorsement for the three-class model revealed three distinct
class patterns of mental health symptom endorsement. While these three classes presented
unique patterns of mental health symptom endorsement, each class was characterized by the
presence of a moderate-to-high likelihood of endorsing several mental health symptoms.
However, these patterns are inconsistent with student-athlete mental health symptom prevalence
(Lietal., 2017; NCAA, 2016) as no class emerged that was characterized by little-to-no
endorsement of current or past mental health symptoms.

The next-most parsimonious model was the four-class model. Like the three-class
solution, this model had strong model fit indices and the fewer number of classes compared to
the five-class model. However, this model also suffered from similar substantive interpretability
concerns. Specifically, no class emerged that was characterized by low-to-no endorsement of
current and past mental health symptoms. Additionally, two classes appeared to be characterized
by similar patterns of responses. While one class was characterized by high endorsement of
current feelings of exhaustion and overwhelmingness, a separate class was characterized by
moderate endorsement of current feelings of exhaustion and overwhelmingness. Despite these
emerging as two distinct classes, it did not appear to offer substantive and unique interpretability
and did not align with student-athlete mental health symptom patterns (Li et al., 2017; NCAA,
2016).

While the five-class model was not the most parsimonious solution, it provided strong
overall fit to the data. The five-class model had a lower SABIC than each model with fewer
classes, and the BLRT indicated that the five-class model was a significant improvement over

the four-class model. Additionally, the five-class model was the most substantively interpretable
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model when compared to the three- and four-class models, and the pattern of responses
characterizing each class was consistent with extant theory of student-athlete mental health.
Class one (n = 4,045) was characterized by a high likelihood of endorsement of all mental health
symptoms and low-to-moderate suicidal ideation and nonsuicidal self-injurious behavior within
the past 30 days. This class was labeled the high symptoms class (HS). Class two (n = 2,979)
was characterized by a high likelihood of endorsement of all mental health symptoms and low-
to-moderate suicidal ideation and nonsuicidal self-injurious behavior within the past year, but not
in the past 30 days. This class was labeled the past symptom class (PS). Class three (n = 6,139)
was characterized by a high likelihood of endorsement of mental health symptoms most
consistent with anxiety and was labeled the anxiety class (ANX). Class four (n = 7,676) was
characterized by a high likelihood of endorsement of feeling overwhelmed and exhausted within
the past 30 days and was labeled the overwhelmed and exhausted class (OE). Class five (n =
4,964) was characterized by a high likelihood of endorsing no current or recent mental health
symptoms and was labeled the no symptom class (NS). Figures 1, 2, and 3 illustrate latent class
probabilities of endorsing each level of the mental health indicators in the final model.
Considering model fit indices, parsimony, and substantive interpretability, the five-class model
was identified as the best fitting model. Next, auxiliary testing was completed to explore whether
the latent classes differed in help-seeking, health risk, and other performance-related outcomes.
BCH Tests of Equality, 5-Class Model

The results of the overall BCH tests of equality for the five-class model are described
below and presented in Table 6. BCH class comparison results are illustrated in Figures 4-30,
which shows the model-estimated means for the help-seeking, health risk, and performance-

related outcomes for the five latent classes.
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Help-Seeking Behaviors

Regarding overall tests, the BCH tests were significant for past therapy with a licensed
mental health provider (y*(4) = 3,394.73, p < .01), past services with a psychiatric provider (y*(4)
=1,285.81, p < .01), past services from their current university counseling center (x*(4) =
1,684.32, p < .01), and future willingness to seek treatment (x*(4) = 311.26, p < .01).

For likelihood of seeking past services from a licensed mental health provider,
comparisons (See Figure 4) revealed that the HS class reported a significantly higher likelihood
of endorsing receiving past services with a mental health provider (M = 0.61) than the PS (M =
0.49), ANX (M =0.36), OE (M =0.21), and NS (M = 0.12) classes. The PS class had a
significantly higher likelihood of seeking past services from a mental health provider than the
ANX, OE, and NS classes. The ANX class was significantly more likely to have endorsed
seeking past services from a mental health provider than the OE and NS classes. Finally, the OE
class was significantly more likely to have endorsed past services from a mental health provider
than the NS class.

Regarding likelihood of seeking past services from a psychiatric provider, comparisons
revealed (See Figure 5) that the HS class reported a significantly higher likelihood of endorsing
past services with a psychiatric provider (M = 0.26) than the PS (M = 0.15), ANX (M = 0.08),
OE (M = 0.03), and NS (M = 0.02) classes. The PS class had a significantly higher likelihood of
past services with a psychiatric provider than the ANX, OE, and NS classes. The ANX class was
significantly more likely to have endorsed past services with a psychiatric provider than the OE
and NS classes. Finally, the OE class was significantly more likely to have endorsed past

services with a psychiatric provider than the NS class.
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Regarding likelihood of seeking past services from their current university counseling
center (UCC), comparisons revealed (See Figure 6) that the HS class reported a significantly
higher likelihood of endorsing receiving past services with a mental health provider (M = 0.39)
than the PS (M = 0.28), ANX (M = 0.20), OE (M =0.11), and NS (M = 0.07) classes. The PS
class had a significantly higher likelihood of past services with their UCC than the ANX, OE,
and NS classes. The ANX class was significantly more likely to have endorsed past services with
their UCC than the OE and NS classes. Finally, the OE class was significantly more likely to
have endorsed past services with their UCC than the NS class.

Regarding likelihood of seeking future mental health services, comparisons revealed (See
Figure 7) that the HS (M = 0.77), PS (M = 0.78), ANX (M = 0.76), and OE (M = 0.76) classes
reported a significantly higher likelihood of seeking future services than the NS (M = 0.62) class.
All other classes were not significantly different in their likelihood of seeking future mental
health services.

Health Risk Behaviors

Regarding overall tests, the BCH tests were significant for wearing a seatbelt while
driving (x%(4) = 102.71, p < .01), wearing a helmet while riding a bike (}*(4) = 27.83, p < .01),
wearing a helmet while riding a motorcycle (x*(4) = 48.49, p < .01), alcohol use in the past 30
days (x%(4) = 414.23, p < .01), heavy episodic drinking over the past two weeks (x*(4) =42.45, p
<.01), driving after consuming alcohol (y*(4) = 47.41, p < .01), driving after heavy episodic
drinking (¥*(4) = 39.76, p < .01), alcohol-related consequences (x*(4) = 858.46, p < .01), number
of sexual partners in the past over the past year (y*(4) = 289.18, p < .01), use of a condom during
oral intercourse (x*(4) = 70.06, p < .01), use of a condom during vaginal intercourse (¥*(4) =

71.40, p < .01), past 30-day purging behaviors (3*(4) = 420.99, p < .01), and use of diet pills in
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the past 30 days (x*(4) = 189.82, p < .01). The overall test for use of a condom during anal
intercourse was not significant (x*(4) = 7.03, p = .13).

Risky Driving. Regarding risky driving behaviors, class comparisons (See Figures 8-10)
revealed that the HS class reported wearing a seatbelt less frequently (M = 3.57) than the PS (M
=3.66), ANX (M =3.69), OE (M =3.72), and NS (M = 3.67) classes. The PS and ANX classes
reported wearing a seatbelt less frequently than the OE class. The OE class reported wearing a
seatbelt more frequently than the NS class. Tests revealed no significant differences in frequency
of wearing a seatbelt between the PS and ANX classes (p = 0.08), the PS and NS classes (p =
0.36), and the ANX and NS classes (p = 0.36).

Additionally, class comparisons revealed that the HS (M = 1.52), PS (M = 1.56), ANX
(M =1.50), and OE (M = 1.56) classes reported wearing a helmet while biking less frequently
than the NS (M = 1.71) class. Tests revealed no significant differences in frequency of wearing a
helmet while biking between the HS and PS classes (p = 0.44), the HS and ANX classes (p =
0.71), the HS and OE classes (p = 0.40), the PS and ANX classes (p = 0.25), the PS and OE
classes (p = 0.91), and the ANX and OE classes (p = 0.19).

Finally, class comparisons revealed that the HS class (M = 3.07) reported wearing a
helmet while riding a motorcycle less frequently than the ANX (M = 3.27) and OE (M = 3.49)
classes. The PS (M = 3.18), ANX, and NS (M = 3.15) classes reported wearing a helmet while
riding a motorcycle less frequently than the OE class. Tests revealed no significant differences in
frequency of wearing a helmet while riding a motorcycle between the HS and PS classes (p =
0.23), the HS and NS classes (p = 0.27), the PS and ANX classes (p = 0.31), the PS and NS

classes (p = 0.71), and the ANX and NS classes (p = 0.08).
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Overall, these results suggest that, across several outcomes, the HS class engaged in more
frequent risky driving behaviors than most other classes of mental health symptoms.

Alcohol Use. Regarding alcohol use outcomes, class comparisons (See Figures 11-15)
revealed that the HS class reported consuming alcohol on significantly more days in the past 30
days (M = 2.52) than the ANX (M =2.35), OE (M =2.33), and NS (M = 1.81) classes. The PS
class (M = 2.49) reported consuming alcohol on more days in the past month than the ANX, OE,
and NS classes. The ANX and OE classes reported consuming alcohol on more days in the past
month than the NS class. Tests revealed no significant differences in alcohol consumption in the
past month between the HS and PS classes (p = 0.53), and the ANX and OE classes (p = 0.5).

Regarding heavy episodic drinking, class comparisons revealed that the HS (M = 1.28)
and NS (M = 1.26) classes reported more days of heavy episodic drinking in the past two weeks
than the PS (M = 1.14), ANX (M = 1.05), and OE (M = 1.09) classes. Tests revealed no
significant differences in heavy episodic drinking between the HS and NS classes (p = 0.72), the
PS and ANX classes (p = 0.07), the PS and OE classes (p = 0.34), and the ANX and OE classes
(p =0.24).

Tests indicated that the HS (M = 0.15) and PS (M = 0.16) classes were more likely to
endorse driving after consuming alcohol than the ANX (M = 0.12), OE (M = 0.12), and NS (M =
0.09) classes. The ANX and OE classes reported a greater likelihood of driving after drinking
than the NS class. Tests revealed no significant differences in the likelihood of driving after
drinking alcohol between the HS and PS classes (p = 0.73) and the ANX and OE classes (p =
0.54). Comparison tests indicated that the HS class (M = 0.03) was more likely to endorse
driving after engaging in heavy episodic drinking than the ANX (M = 0.01), OE (M = 0.01), and

NS (M = 0.02) classes. The PS (M = 0.02) and NS classes were significantly more likely to
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report driving after heavy episodic drinking than the ANX and OE classes. Tests revealed no
significant differences in the likelihood of driving after heavy episodic drinking between the HS
and PS classes (p = 0.48), the PS and NS classes (p = 0.26), and the ANX and OE classes (p =
0.15).

Finally, tests indicated that the HS class (M = 1.82) experienced significantly more
alcohol-related consequences than the PS (M = 1.51), ANX (M = 1.28), OE (M = 1.03), and NS
(M = 0.82) classes. The PS class reported experiencing significantly more alcohol-related
consequences than the ANX, OE, and NS classes. The ANX class reported more alcohol-related
consequences than the OE and NS classes. Finally, the OE class reported more alcohol-related
consequences than the NS class.

Overall, these results suggest that the HS class generally consumed alcohol more often,
were more likely to engage in risky driving behavior following alcohol use, and experienced
more consequences associated with their alcohol use than other mental health symptoms classes.
Additionally, the PS class appeared to demonstrate similar patterns among alcohol-related
outcomes when compared to the ANX, OE, and NS classes, suggesting that riskier alcohol use
behaviors were associated with classes of individuals endorsing larger numbers of current and/or
past mental health symptoms.

Risky Sex. Comparison tests (See Figures 16-19) revealed that the HS (M =2.17) and PS
(M = 2.04) classes reported having significantly more sexual partners in the past year than the
ANX (M = 1.60), OE (M = 1.52), and NS (M = 1.48) classes. Additionally, comparisons revealed
that the ANX class endorsed more sexual partners than the OE and NS classes. Tests revealed no
significant differences in the number of sexual partners within the last year between the HS and

PS classes (p = 0.06) and the OE and NS classes (p = 0.33).
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Regarding condom or protective barrier use during oral intercourse in the past 30 days,
the HS (M = 0.30), PS (M = 0.26), ANX (M = 0.26), and OE (M = 0.26) classes endorsed
significantly less frequency of using protection during oral intercourse than the NS class (M =
0.50). Tests revealed no significant differences in frequency of using protection during oral
intercourse between the HS and PS classes (p = 0.20), the HS and ANX classes (p = 0.3), the HS
and OE classes (p = 0.15), the PS and ANX classes (p = 0.87), the PS and OE classes (p = 0.93),
and the ANX and OE classes (p = 0.77).

For condom use during vaginal intercourse in the past 30 days, tests indicated that the HS
class (M = 2.10) reported significantly less frequent use of protection during vaginal intercourse
than the PS (M =2.27), ANX (M =2.30), OE (M = 2.44), and NS (M = 2.43) classes.
Additionally, the PS class reported less frequent condom use than the OE and NS classes.
Finally, the ANX class reported less frequent condom use than the OE and NS classes. Tests
revealed no significant differences in frequency of condom use during vaginal intercourse
between the PS and ANX classes (p = 0.68) and the OE and NS classes (p = 0.77).

Finally, while the overall test for the frequency of use of protection during anal
intercourse in the past 30 days was not statistically significant, two differences were observed
between classes. First, the HS class (M = 1.20) reported significantly less frequent use of
protection during anal intercourse than the NS class (M = 1.45). Second, the OE class (M = 1.20)
reported significantly less frequent use of protection during anal intercourse than the NS class.
All other tests were not statistically significant.

Collectively, these results suggest that the HS class was engaged in more frequent risky
sex behaviors than other classes of mental health symptoms. Consistent with the alcohol-related

findings described above, the PS class was also associated with more risk sex behaviors than the
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ANX, OE, and NS classes, indicating that classes experiencing a greater number of mental health
symptoms may be at greater risk of engaging in risky sex and experiencing associated negative
consequences.

Disordered Eating Behaviors. Finally, class comparisons (See Figures 20 and 21) of
disordered eating behaviors revealed that the HS class (M = 0.10) was more likely to endorse
vomiting or taking laxatives to lose weight in the past 30 days than the PS (M = 0.04), ANX (M
=0.03), OE (M =0.01), and NS (M = 0.01) classes. Additionally, the PS class was more likely to
endorse purging behaviors than the ANX, OE, and NS classes. The ANX class was more likely
to endorse purging in the last 30 days than the OE and NS classes. There was no significant
difference between the OE and NS classes (p = .81). Regarding taking diet pills to lose weight,
the HS class (M = 0.07) was more likely to endorse taking diet pills to lose weight in the past 30
days than the PS (M = 0.04), ANX (M = 0.02), OE (M =0.01), and NS (M = 0.02) classes. The
PS class was more likely to endorse taking diet pills than the ANX, OE, and NS classes. The
ANX class was more likely to take diet pills than the OE class. Tests revealed no significant
differences in likelihood of taking diet pills in the last 30 days between the ANX and NS classes
(» =0.19) and the OE and NS classes (p = 0.51). Together, these findings suggest that the HS
class is at the greatest risk of engaging in disordered eating behavior to manage weight. Like the
above findings, the PS class also was associated with greater likelihood of disordered eating
behaviors when compared to the ANX, OE, and NS classes.

Performance-Related Outcomes

The overall BCH tests were significant for engagement in moderate cardiovascular

exercise within the past week (¥*(4) = 102.11, p < .01), engagement in vigorous cardiovascular

exercise in the past week (*(4) = 181.48, p < .01), weightlifting in the past week (}*(4) = 428.61,
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p <.01), sleep difficulties in the past year (y*(4) = 4889.83, p < .01), trouble falling back asleep
within the past week (x%(4) = 848.07, p < .01), feeling tired, dragging, or sleepy during the day
within the past week (x*(4) = 4470.60, p < .01), feeling unable to stay awake due to fatigue in the
past week (x3(4) = 1545.91, p < .01), difficulties falling asleep in the past week (x*(4) = 2200.28,
p < .01), and academic difficulties in the past year (3*(4) = 6663.89, p < .01).

Exercise. Comparison tests (See Figures 22-24) revealed that the HS (M = 3.89) class
reported significantly fewer days of moderate cardiovascular exercise in the past week than the
PS (M =4.07), ANX (M = 4.06), OE (M = 4.20), and NS (M = 4.37) classes. Tests also indicated
that the PS class reported significantly fewer days of moderate cardiovascular exercise than the
OE and NS classes. Additionally, the ANX class endorsed fewer days of moderate
cardiovascular exercise than the OE and NS classes. Finally, the OE class reported fewer days of
moderate cardiovascular exercise than the NS class. Tests revealed no significant differences in
the number of moderate cardiovascular exercise days within the last week between the PS and
ANX classes (p = 0.85).

Regarding vigorous cardiovascular exercise, comparison tests revealed that the HS (M =
3.47) class reported significantly fewer days of vigorous cardiovascular exercise in the past week
than the PS (M = 3.70), ANX (M = 3.67), OE (M = 3.85), and NS (M =4.11) classes. Tests also
indicated that the PS class reported significantly fewer days of vigorous cardiovascular exercise
than the OF and NS classes. Additionally, the ANX class endorsed fewer days of vigorous
cardiovascular exercise than the OE and NS classes. Finally, the OE class reported fewer days of
vigorous cardiovascular exercise than the NS class. Tests revealed no significant differences in
the number of vigorous cardiovascular exercise days within the last week between the PS and

ANX classes (p = 0.63).
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Finally, tests indicated that the HS (M = 2.68) class reported significantly fewer days of
weightlifting training in the past week than the PS (M = 2.87), OE (M =2.91), and NS (M =
3.50) classes. Tests also indicated that the PS class reported significantly fewer days of
weightlifting training than the ANX (M = 2.66) and NS classes. Additionally, the ANX class
endorsed fewer days of weightlifting training than the OE and NS classes. Finally, the OE class
reported fewer days of weightlifting training than the NS class. Tests revealed no significant
differences in the number of weightlifting training days within the last week between the HS and
ANX classes (p = 0.68) and the PS and OE classes (p = 0.51).

Overall, these results suggest that the HS class engaged in significantly less exercise than
the other classes of mental health symptoms. Notably, the PS class and the ANX class were not
significantly different across all exercise behaviors. This finding deviates from previous auxiliary
findings that the ANX class was at significantly less risk of other health-risk and greater
likelihood of engagement in help seeking behaviors compared to the PS class.

Sleep Difficulties. Regarding likelihood of experiencing sleep difficulties, comparison
tests (See Figures 25-29) revealed that the HS (M = 0.60) class had a significantly higher
likelihood of reporting sleep difficulties in the past year than the PS (M = 0.35), ANX (M =
0.31), OE (M = 0.12), and NS (M = 0.05) classes. Additionally, the PS class was more likely to
report sleep difficulties than the ANX, OE, and NS classes. The ANX class was more likely to
report sleep difficulties than the OE and NS classes. Finally, the OE class was more likely to
report sleep difficulties than the NS class.

Regarding experiences associated with sleep difficulties, the HS class reported
significantly more days of having trouble falling back asleep (M = 1.80), feeling

tired/dragging/sleepy during the day (M = 4.54), having trouble staying awake due to fatigue (M
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= 2.80), and having trouble falling asleep (M = 2.79) in the past seven days than the PS (M =
1.28, M=3.38, M=199, M=1.82), ANX (M =126, M=3.73, M=2.12, M= 1.79), OE (M =
091, M=287,M=1.59,M=1.17),and NS (M = 0.83, M =1.93, M=1.19, M = 0.90) classes.
Further, the PS class endorsed significantly more days of having trouble falling back asleep,
feeling tired or dragging during the day, having trouble staying awake, and having trouble falling
asleep than the OE and NS classes. The PS class also reported more days of feeling tired and
having trouble staying awake than the ANX class. The ANX class reported significantly more
days of having trouble falling back asleep, feeling tired or dragging during the day, having
trouble staying awake, and having trouble falling asleep than the OE and NS classes. Finally, the
OE class endorsed more days of having trouble falling back asleep, feeling tired, trouble staying
awake, and trouble falling asleep than the NS class. Tests revealed no significant differences
between the PS and ANX classes in the number of days reported having trouble falling back
asleep (p = 0.70) and the number of days having trouble falling asleep (p = 0.52).

Overall, these results suggest that, across all sleep outcomes, the HS class experienced
significantly more sleep concerns than all other classes of mental health symptoms. Notably, the
OE class consistently endorsed significantly fewer sleep-related concerns despite the latent class
being characterized by high endorsement of feeling overwhelmed and exhausted.

Academic Performance. Regarding impairments to academic performance, comparison
tests (See Figure 30) revealed that the HS (M = 0.76) class had a significantly higher likelihood
of reporting academic difficulties in the past year than the PS (M = 0.53), ANX (M = 0.55), OE
(M =0.29), and NS (M = 0.11) classes. The PS and ANX classes were more likely to report

academic difficulties than the OE and NS classes. Finally, the OE class was more likely to report
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academic difficulties than the NS class. Tests revealed no significant differences between the PS
and ANX classes in likelihood of endorsing academic difficulties (p = 0.15).
Multigroup and Confirmatory Latent Class Analyses

After selection of the five-class model for the student-athlete sample, a series of single-
group and multigroup latent class analyses were conducted using a random sample of non-
student-athlete participants to determine whether the five-class model identified using the
student-athlete sample fit equally well for the non-student-athlete sample. Using IBM SPSS 25.0
(IBM Corp., 2017), 27,642 student participants that endorsed no varsity and club athletic
participation were randomly selected from the ACHA-NCHA dataset to match the number of
student-athlete identified participants in the same dataset. Several models were then estimated to
compare the student-athlete and non-student-athlete models. Like the originally estimated latent
class models, age, biological sex, and past mental health diagnoses were entered in as covariates
to limit potential confounds.

Two multigroup latent class models were estimated, one with constrained class
probabilities across groups and one with freely estimated class probabilities (See Table 7 for
model fit indices). The difference between the SABIC from the unconstrained model and
constrained model was greater than 100 (ASABIC = 384.79) indicating the unconstrained model
was the decisively better fitting model. In support of this conclusion, the difference between the
entropy values from the unconstrained model and constrained model was small and positive
(Aentropy = 0.002). Collectively, these results suggest that the model where class probabilities
were freely estimated across groups was the better fitting model. Finally, another two latent class
models were estimated using the non-student-athlete sample. The first model estimated was one

where threshold values for each indicator in all five classes were constrained to be equal to the
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respective values from the five-class student-athlete model. This model was compared to one
where a five-class model was freely estimated for the non-student-athlete sample (See Table 8
for model fit indices). The difference between the SABIC from the unconstrained and
constrained models was greater than 100 (ASABIC = 829.88) indicating unconstrained model
was the decisively better fitting model than the constrained model. In support of this conclusion,
the difference between the entropy values from the unconstrained model and constrained model
was small and positive (Aentropy = 0.008). Overall, results indicated that the five-class model

identified for student-athletes did not fit equally well for the non-student-athlete sample.
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DISCUSSION

Summary of Findings

The aims of this study were to discern whether there were unobserved patterns of general
mental health symptoms endorsed by college student-athletes, whether these classes were
differentially associated with help seeking, health-risk, and performance-related variables, and
whether similar patterns of symptoms were observed among non-student-athletes. The findings
from the present study are summarized below.
Overall Model

Results from this study discerned previously unidentified latent subgroups of student-
athletes, characterized by varying patterns of depressive and anxiety symptoms, that are
associated with varying risk of experiencing negative physical and mental health and
performance-related outcomes, and associated with varying likelihood of seeking support to
address these concerns. I ran a series of latent class analyses and identified that a five-class
model best fit the data. Class one was characterized by a pattern of high likelihood of
endorsement of past 30-day general mental health symptoms and higher likelihood of suicidal
ideation and nonsuicidal self-injurious behavior (HS class). The pattern of responses that was
characterized by the HS class was the most likely class for approximately 4,045 student-athlete
participants (~16%). Class two was characterized by a pattern of high likelihood of endorsement
of past 12-month general mental symptoms (PS class). The pattern of responses that was
characterized by the PS class was the most likely class for approximately 2,979 student-athlete
participants (~11%). Class three was characterized by a pattern of high likelihood of

endorsement of symptoms consistent with anxiety (ANX class). The pattern of responses that
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was characterized by the ANX class was the most likely class approximately 6,139 student-
athlete participants (~24%). Class four was characterized by a pattern of high likelihood of
endorsement of experiences feeling overwhelmed and exhausted (OE class). The pattern of
responses that was characterized by the OE class was the most likely class for approximately
7,676 student-athlete participants (~30%). Finally, class five was characterized by a pattern of no
endorsement of past 30-day and 12-month mental health symptoms (NS). The pattern of
responses that was characterized by the NS class was the most likely class for approximately
4,964 student-athlete participants (~19%). The presence of these five latent profiles further
strengthens claims that college student-athletes and mental health experiences are heterogeneous
(Forbes et al., 2023; Zamboanga et al., 2021), underscoring the need to understand the unique
patterns of symptom experiences.

While limited research has explored classes or profiles of mental health symptoms,
several previous studies identified similar patterns of mental health symptoms. Several studies
have identified three classes or profiles characterized by low, moderate, and high mental health
symptom endorsement (Gerber et al., 2014; McFadden et al., 2020; Petersen et al., 2019;
Reinhardt et al., 2020). My findings strengthen the extant literature, identifying varying
experiences with a variety of mental health experiences. Additionally, researchers have identified
six robust profiles characterized by moderate-to-high stress and high mental health concerns,
high stress and high resilience, moderate stress and high resilience, high stress and low
resilience, moderate stress and low resilience, and low stress and low mental health concerns
(Gerber et al., 2014). While these studies do not include similar mental health symptoms used in
the present study, my findings align with the overall conclusions of robust and varying patterns

of mental health symptom endorsement. However, previous findings have not identified a unique
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pattern of mental health symptoms characterized by high endorsement of exhaustion and
overwhelmed symptom endorsement. Whether this is a class unique to student-athletes or is
capturing a pattern that has not been previously assessed, it is important to consider potential
implications associated with this class. Persistent and pervasive feelings of exhaustion and
overwhelmedness often indicate burnout, which for student-athletes relates to greater likelihood
of withdrawal from sport (Gustafsson et al., 2016). Considering the consequences associated
with exhaustion, feeling overwhelmed, and burnout could lead to withdrawal from sport and
short- and long-term health problems (Bayes et al., 2021). Identifying student-athletes that likely
belong to this class could help attenuate symptoms and mitigate consequences. By relying on
traditional variable-centered approaches to explore student-athlete mental health symptoms, like
reporting individual symptom endorsement rates (Edwards et al., 2021), researchers and
clinicians lacked critical information regarding unique patterns of symptoms and differential
associations with a variety of health- and performance related outcomes.

Auxiliary Testing

To evaluate whether latent classes differ on a variety of mental- and performance-related
outcomes, BCH auxiliary tests were conducted. Results indicated that these identified latent
classes described above were differentially associated with various help seeking, health-risk, and
performance-related variables.

Help Seeking. The classes characterized by endorsement of mental health symptoms
within the past month or year (HS, PS, ANX, OE) were associated with greater likelihood of
seeking services from mental health providers in the past than the class characterized by
minimal-to-no endorsement (NS class) of mental health symptoms in the past year. Further,

classes characterized by mental health symptom endorsement reported greater likelihood to seek
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future mental health services in the future as compared to the NS class. Several differences in
help seeking behaviors between classes are important to highlight. Specifically, the HS class was
significantly more likely to endorse seeking past mental health support (0.26-0.61) than all other
classes. While the HS class did not differ in willingness to seek future support from the PS,
ANX, and OE classes, the likelihood was high (0.77) suggesting high willingness to seek help
if/when needed. Considering that seeking mental health support has been identified as effective
at reducing symptoms and mitigating negative consequences associated with expressed
symptoms (Moreland et al., 2018), my findings suggest that continued connection to mental
health resources may be effective at addressing immediate symptom presentation.

Additionally, I found that the OE class was equally likely to endorse willingness to seek
future mental health services when compared to other classes of mental health symptoms and
were significantly less likely to seek mental health services in the past. While these results may
suggest student-athletes with the highest likelihood of being in the OE class are experiencing
greater situational stress exacerbating feelings of exhaustion, they may also capture student-
athletes with more chronic experiences of feeling overwhelmed and exhausted characteristic of
burnout. Considering this class was associated with high willingness to seek future support and
low likelihood of past mental health seeking behaviors, it may be of particular importance to
consider ways to connect student-athletes with this pattern of symptoms to appropriate
consultation resources to better understand their experiences with these symptoms.

Health-Risk. Overall, my results indicated that classes characterized by endorsement of
mental health symptoms were associated with greater likelihood or endorsement of a variety of
health-risk behaviors compared to the NS class. Regarding comparisons across classes

characterized by different mental health patterns, the HS and PS classes were associated with
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greater likelihood of endorsing risky driving behaviors, endorsed consuming more alcohol and
heavy episodic drinking, endorsed greater frequency of risky sex behaviors, and endorsed more
purging and risky dieting behaviors. These results indicated that patterns of endorsement of both
anxiety and depressive symptoms, in both the past month and past year, were associated with
increased risk of engagement in health-risk behaviors. Considering I identified that these classes
were associated with greater willingness to seek future support, outreach and treatment planning
efforts may successfully connect these student-athletes with support. Outreach efforts may
provide the support necessary to limit engagement in and attenuate negative consequences of
these health-risk behaviors. These outreach and treatment efforts will be further discussed below
when exploring treatment planning and future directions.

Performance-Related. Traditional and direct performance outcomes, such as
competition factors (e.g., times, wins, statistics), were not assessed in the present study.
However, I evaluated outcomes associated with performance, like exercise rates, sleep, and
academic success (for sport eligibility). The HS class was associated with engaging in
significantly fewer days of moderate exercise, vigorous exercise, and weightlifting activities per
week than all other mental health classes. Further, the HS class was associated with significantly
more days of sleep issues and a higher likelihood of academic difficulties than the other mental
health classes. This finding further underscores the importance of targeting outreach and
treatment efforts to student-athletes that may be presenting with this pattern of current anxiety
and depressive symptom endorsement. Previous research suggests that consistent sleep
disturbances and sleep loss can significantly decrease athletic performance (Fullagar et al.,
2015). Additionally, aerobic exercise and weightlifting can further enhance athletic performance

(Armstrong et al., 2011; Hori et al., 2005), suggesting that less exercise may limit performance in
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sport. Finally, academic success is significantly associated with athletic success, and that
academic struggles are related to poorer sport performance (Bailey, 2017). Since student-athletes
must maintain “good academic standing,” often defined as a grade point average of 2.0, to
remain eligible to participate in sport (NCAA, 2023), sustained academic issues could prevent a
student-athlete from competing in their sport. While not a direct effect, the HS class may be at
greater risk of exercise, sleep, and academic difficulties which may subsequently hurt their sport
performance. This finding further underscores the importance of identifying these patterns of
mental health symptoms and connecting these student-athletes with additional supports.

Finally, the OE class was associated with fewer sleep issues than all other classes besides
the no-symptom class. This is notable, as it may indicate that the exhaustion student-athletes that
belong to this class may not be physical exhaustion due to decreased sleep quality/quantity. This
finding may further demonstrate that some student-athletes that belong to this class of symptoms
may be experiencing burnout, since burnout is primarily associated with emotional exhaustion as
opposed to exhaustion brought on by sleep concerns (Maslach & Jackson, 1981). Further
exploration into the role that burnout may play in this class’s experiences feeling overwhelmed
and fatigue may help inform more targeted interventions.

Student-Athletes Versus Non- Athletes

Past studies often examined rates of college mental health symptoms, treatment seeking,
and negative outcomes without separating groups like student-athletes from their non-athlete
peers. This study represented one of the first, and largest, comparisons between student-athlete
and non-athlete mental health symptom experiences. To determine whether non-student-athletes
had similar patterns of mental health symptom endorsement, a series of multigroup and

confirmatory latent class analyses were run. Results indicated that the five-class model identified

56



within the student-athlete sample fit well for a comparative sample of non-athletes. However,
comparisons revealed that the five-class solution allowing for differences between student-
athletes and non-athletes fit decisively better. These findings suggest that student-athletes
experience a unique pattern of mental health symptoms as compared to their non-athlete peers.
Since student-athletes report feelings of isolation from the general college student population and
that unique barriers to accessing services meant for the whole college student community exist
for student-athletes (Ishaq & Bass, 2019; Srivastava, 2019), The lack of evaluation regarding
whether college student and student-athlete mental health should be treated separately may limit
researchers’ and stakeholders’ ability to address barriers to receiving support.

Considering that student-athlete mental health service utilization rates are lower
compared to their non-athlete peers (Kilcullen et al., 2022), this study represents a key step in
recognizing the importance of developing athlete-specific resources for mental health support to
improve access to services. Since this study’s findings highlight the differences in patterns of
mental health symptoms between student-athletes and their non-athlete peers, student-athletes
may benefit from unique and targeted intervention and prevention efforts to address these
patterns and associated consequences. Specifically, efforts focused on barriers like
university/athletic department control of resources and student-athlete time constraints (Ishaq &
Bass, 2019) may help student-athletes receive supports that may uniquely benefit their
experiences with mental health symptoms patterns. This study underscores the importance of
viewing the mental health experiences of student-athletes, and therefore allocation of services to
address these experiences, as separate from their non-student-athlete peers.

Implications on Prevention and Intervention Efforts
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This study represents the first application of person-centered analyses to explore mental
health symptoms of college student-athletes. As such, findings from the present study provide
several valuable contributions to the field.

First, these findings can inform prevention and intervention efforts to help university
athletic departments draft plans to better address their student-athlete mental health concerns.
Considering ways to identify which class of mental health symptoms a student-athlete may likely
belong, and adapting stepped care approaches to athletic settings may help departments evaluate
and connect at-risk student-athletes with appropriate levels of support. For example, findings
identified that a student-athlete experiencing a pattern of mental health symptoms characterized
by high likelihood of endorsement of all depressive and anxiety symptoms within the past month
may be at greater risk of engaging in health-risk behaviors and other experiences that may
negatively affect performance compared to a student-athlete with a pattern of responses
characterized by only anxiety symptoms. Athletic departments can identify at-risk student-
athletes and connect them with resources to prevent or reduce negative outcomes like academic
concerns or health risk behaviors. They may also conserve resources by focusing appropriate
levels of outreach to those student-athletes experiencing certain patterns of symptoms. Through
treatment aimed at reducing symptom distress, student-athletes may engage in fewer health risk
behaviors that could be detrimental to their performance and recovery (i.e., heavy episodic
drinking) and improve areas of life that may affect performance and eligibility (i.e., sleep quality,
weekly exercise, academic performance).

Next, results presented here may also help schools identify student-athletes at risk of
negative outcomes due to mental health concerns without relying on the athlete seeking support

and implement simple and empirically supported ways to identify these at-risk student-athletes.
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Considering that, in the present study, I identified that student-athletes across all mental health
symptom classes endorsed a high willingness to seek future services, proactive efforts by athletic
departments can enhance help-seeking behaviors. Athletic departments, particularly the greater
than 60% that have not yet developed formal plans to address student-athlete mental health
concerns (Kroshus, 2016), may use this study’s findings to implement simple mental health
screeners aimed at identifying at-risk athletes they could connect with trained mental health
professionals. Since this study is the first to identify these latent classes and associated help
seeking, health-risk, and performance-related outcomes, it is important to note study limitations
and future directions that may replicate and enhance my findings.
Limitations

The present study had several limitations to note. First, the present study was cross-
sectional, so conclusions regarding the direction of relations and potential stability of class
membership over time cannot be made. Therefore, this study is unable to discern whether
student-athletes were experiencing mental health symptoms due to their engagement in health-
risk behaviors or if they were engaging in health-risk behaviors due to the mental health
symptoms they were experiencing. The study also cannot tell how long a student-athlete may
belong in their respective mental health symptom class, and at what point they may transition to
a different class. Future longitudinal studies may explore the directionality of these identified
relations and evaluate transitions across classes over time.

Second, this study was a secondary data analysis, which limited the ability to select what
indicator and auxiliary variables could be used in the present study. While the mental health
symptoms included in the ACHA-NCHA dataset represent a short and simple way to evaluate

depressive and anxiety-related symptoms, there are empirically validated brief measures for
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depression, anxiety, and other mental health concerns that may more effectively assess mental
health concerns of college students and student-athletes. For example, the Patient Health
Questionnaire-9 (PHQ-9) is a nine-item depression questionnaire that has been validated and is
given in a variety of medical and mental health settings (Kroenke et al., 2001). Additionally, the
Generalized Anxiety Disorder-7 (GAD-7) is a seven-item measure assessing symptoms
consistent with generalized anxiety disorder (Spitzer et al., 2006). While using both tools, in lieu
of the existing measure, would add an additional five items that student-athletes would be
required to complete, the addition may strengthen assessment due to the use of reliable and valid
measures. However, these measures were designed to assist in the diagnosis of disordered
experiences with these symptoms, rather than general experiences with these mental health
experiences. Therefore, the variables present in the ACHA-NCHA survey were adequate to
address this study’s aims.

Regarding auxiliary variables, I was limited because the ACHA-NCHA survey did not
include empirically validated measures to evaluate health-risk and performance outcomes more
comprehensively and effectively. For example, alcohol use rates may be more effectively
evaluated using measures like the Daily Drinking Questionnaire (DDQ); Collins et al., 1985).
Disordered eating behaviors were limited to purging and diet pill consumption, which does not
fully evaluate the domain of disordered eating. Additionally, including assessment of specific
performance outcomes, such as points scored or times in respective competition, could help
further strengthen conclusions on differential impacts of mental health on sport performance.
While including more questions and empirically validated measures may increase burden to
participants, it may also strengthen the quality and generalizability of findings. Future studies

may consider ways to evaluate changes in sport performance and validate ACHA-NCHA
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measures and/or evaluate whether the present findings are confirmed using empirically validated
measures.

Third, several factors may limit the generalizability of these findings. This study was of a
sample of predominantly White-identified college students and student-athletes. This may limit
our ability to generalize findings to youth and post-collegiate athletes. Since this was a
population-based data set that pulled from a large sample of college students across the United
States, findings likely generalize to college student-athletes in the United States. While the
purpose of this study was to explore college student-athlete mental health patterns and
differential associations with help seeking, health-risk, and performance-related outcomes, it
may be important to evaluate whether similar patterns exist among pre- and post-collegiate
athletes. Additionally, the data used in the present study was collected between fall 2015 and
spring 2019. Since this data was collected prior to the COVID-19 pandemic, it is important to
replicate findings using more recent data collected during/post-pandemic. This step may further
increase generalizability of these findings.

Future Directions

To further expand on findings from the present study, it is planned to examine ways for
mental health professionals in athletic departments to use the brief mental health screening from
the ACHA-NCHA survey. Specifically, future studies will focus on efforts to develop simple,
cost-effective ways to determine the likelihood a student-athlete may belong to a class associated
with high risk of engagement in health-risk behaviors and other issues that may affect athletic
performance. These efforts could help athletic departments effectively tailor intervention and
prevention efforts to the individual student-athlete. This process, referred to as precision

medicine, uses data-driven and empirically supported decision-making processes to help inform
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individualized support (Kosorok & Laber, 2019). While this may appear to be an ambitious and
inefficient process, machine learning algorithms can be used to help clinicians classify student-
athletes more effectively to individualize support. Specifically, the k-nearest neighbors algorithm
(Cover & Hart, 1967; Fix & Hodges, 1951) can help researchers and clinicians classify student-
athletes based on their proximity to one of the classes of mental health patterns I identified in the
present study. It is possible that machine learning applications of this algorithm could be an
effective method to classify individuals based on their proximity to respective latent
classes/profiles. Developing a tool within which clinicians may enter student-athlete mental
health symptoms and identify which class they most likely belong to may provide university
athletic departments with simple and effective ways to identify levels of support most
appropriate for each student-athlete. Following these classification efforts, researchers and
clinicians should consider ways to adapt stepped care approaches to university athletic settings to
effectively apply precision medicine and individualize support recommendations.
Treatment Planning with Stepped Care Approach

A recent application of the social ecological framework to college athletic counseling
identified several roles and recommendations for sport counselors to enhance student-athlete
help seeking and retention efforts (Reich et al., 2021). Including an emphasis on the
administration of annual mental health screenings, these researchers noted the importance of
counselor’s advocating for and educating student-athletes inside and outside the individual
counseling setting (Reich et al., 2021). Immediate next steps from the present study may help
departments classify students based on their proximity to mental health symptom classes
identified in this study and connect students with consultation, advocacy, and educational

resource to best address their individual concerns. Considering ways to integrate stepped care
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treatment approaches in athletic settings may help athletic departments develop more formal
plans to support student-athletes’ mental health needs on an individualized basis.

Stepped care treatment models in the United States were adapted from models first
developed in the United Kingdom (Cornish et al., 2017). These models were developed to help
connect larger groups of treatment-seeking college students with effective support, appropriate
for their presentation, without requiring significant wait times on ever growing counseling center
waitlists. These programs have been designed to allow individuals to be “stepped up” or down
depending on symptom severity and need (Cornish et al., 2017). Additional studies have noted
eight treatment “tracks” for students: online information, online assisted self-help, biofeedback,
consultation, brief therapy, outpatient therapy, more frequent outpatient therapy, and group
therapy (Bailey et al., 2021). While each track has a variety of benefits and limitations, this
approach has helped connect students with a wider variety of helpful services and reduce
clinician burnout (Bailey et al., 2021). As of now, this model has not been adapted to university
athletic settings. And while student-athletes are a part of the larger student-body, their physical
and mental health needs are most often supported from practitioners embedded directly within
athletic departments.

Since findings from the present study indicated that student-athletes experience different
patterns of symptoms compared to their non-athlete peers, it is important that efforts be made to
adapt models to address this unique population. Researchers and clinicians should consider ways
to adapt these models to athletic settings and use annual mental health screening tools to connect
student-athletes with appropriate levels of support. For example, a clinician may use the screener
to identify a student-athlete as most likely belonging to the HS class. The clinician may then

consider this student-athlete as needing support services to be “stepped up,” leading to this
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clinician reaching out to initiate individual therapy services. Alternatively, the clinician may
identify a student-athlete as likely belonging to the ANX class and could connect this student-
athlete with biofeedback or brief therapy support. Finally, a clinician could conduct a
consultation meeting with a student-athlete likely belonging to the OE class to determine
whether they may benefit from connection with additional academic supports to address feelings
of overwhelmingness or are experiencing burnout and need higher levels of support. Future
efforts adapting and examining the effectiveness of the stepped care treatment approach to
university athletic settings could help equip athletic departments with more effective treatment
planning approaches.

Finally, it is important to consider traditional barriers to treatment-seeking and
willingness to engage in mental health services. A recent meta-analysis pointed to the key role
that leaders, specifically coaches and athletic administrators, play in the willingness to seek
mental health support (Moreland et al., 2018). These researchers suggest that attention must also
be directed towards athletic leadership groups to change norms and promote mental health and
well-being. They recommend that athletic departments re-allocate funding to develop sport
psychological training and staffing, hire more professionals with sport background, and explore
ways to increase coaches’ willingness to encourage their student-athletes to seek support
services. Attention to the barriers, coupled with efforts to adapt stepped care approaches, may

help connect at-risk student-athletes with helpful levels of support.
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TABLES

Table 1
Demographic Data
Variable Student-Athlete Non-Athlete Sample
Sample

Age (Median) 20 21

Race (%)
White 78.6 65.1
Black 7.3 5.8
Hispanic or Latina/o 9.1 15.2
Asian or Pacific Islander 8.3 15.0
American Indian, Alaskan Native, or Native 1.9 2.0
Hawaiian
Biracial or Multiracial 4.1 4.9
Other 1.7 2.8

Biological Sex (%)
Female 64.7 69.7
Male 353 29.9

Gender (%)
Woman 63.8 68.3
Man 34.7 29.4
Trans Woman 0.1 0.1
Trans Man 0.1 0.2
Genderqueer 0.3 0.7
Another identity (please specify) 0.6 1.0

Sexual Orientation (%)
Asexual 4.3 33
Bisexual 4.3 7.1
Gay 0.8 1.9
Lesbian 1.3 1.1
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Pansexual

Queer

Questioning

Same Gender Loving
Straight/heterosexual

Another identity (please specify)

0.6
0.4
1.1
0.1
86.0
0.5

1.7
1.2
1.7
0.0
80.6
0.9
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Table 2

Means and standard deviations for indicator and outcome variables, split between the student-

athlete and non-athlete samples

Variable Type | Variable Name Student-Athlete Non-Athlete
m (sd) m (sd)
Hopeless 0.69 (0.85) 0.84 (0.87)
Overwhelmed 1.47 (0.78) 1.56 (0.72)
Exhausted 1.36 (0.85) 1.53 (0.75)
Lonely 0.90 (0.89) 1.03 (0.88)
o Sad 0.99 (0.88) 1.12 (0.87)
é Depressed 0.48 (0.77) 0.64 (0.83
E Anxiety 0.85 (0.89) 1.05 (0.89)
Anger 0.56 (0.80) 0.64 (0.82)
Self-harm 0.10 (0.39) 0.10 (0.39)
Suicidal Ideation 0.12 (0.41) 0.15 (0.46)
Suicide Attempt 0.03 (0.21) 0.02 (0.17)
Past Therapy 0.32 (0.47) 0.42 (0.49)
Past Psychiatry 0.09 (0.29) 0.16 (0.37)
Past University Counseling 0.19 (0.39) 0.20 (0.40)
Future Treatment 0.74 (0.44) 0.80 (0.40)
Seat Belt 3.67 (0.65) 3.79 (0.56)
Helmet — Bicycle 1.56 (1.59) 1.78 (1.68)
g Helmet — Motorcycle 3.23 (1.38) 3.35 (1.31)
% Past 30-day Alcohol 2.28 (1.70) 2.29 (1.80)
° Heavy Episodic Drinking 1.15 (1.66) 0.81 (1.46)
Driving After Drinking 0.13 (0.33) 0.22 (0.41)
Driving After HED 0.02 (0.12) 0.02 (0.12)
Alcohol Consequences 1.26 (1.43) 0.98 (1.30)
# of Sex Partners 1.70 (2.06) 1.28 (1.71)
Condom — Oral Sex 0.32 (0.94) 0.26 (0.86)
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Condom — Vaginal Intercourse

Condom — Anal Intercourse

Purging

Diet Pills

Moderate Cardio
Vigorous Cardio
Weightlifting

Sleep difficulties
Falling Back Asleep
Tired, Dragging, Sleepy
Stay Awake

Falling Asleep

Academic Difficulties

2.32 (1.56)
1.29 (1.66)
0.03 (0.18)
0.03 (0.17)
412 (2.21)
3.77 (2.25)
2.92 (2.05)
0.26 (0.44)
1.17 (1.62)
3.23(2.02)
1.89 (1.97)
1.61 (1.98)
0.42 (0.49)

1.97 (1.67)
1.14 (1.62)
0.03 (0.16)
0.03 (0.17)
2.37 (2.01)
1.36 (1.68)
1.23 (1.73)
0.33 (0.47)
1.26 (1.71)
3.40 (2.10)
1.93 (2.04)
1.78 (2.14)
0.49 (0.50)
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Table 3
Correlations between indicator and outcome variables within student-athlete sample

Variable Name 1 2 3 4 5 6 7
1 Hopeless —
2 Overwhelmed 0.37 —
3 Exhausted 0.4 0.65 —
4 Lonely 0.59 0.4 0.45 —
5 Sad 0.61 0.44 0.48 0.68 —
6 Depressed 0.62 0.28 0.33 0.53 0.56 —
7 Anxiety 0.52 0.43 0.45 0.5 0.56 0.56 —
8 Anger 0.48 0.29 0.32 0.43 0.48 0.52 0.51
9 Self-harm 0.26 0.1 0.13 0.21 0.21 0.32 0.22
10 Suicidal Ideation 0.34 0.11 0.14 0.27 0.26 0.43 0.26
11 Suicide Attempt 0.14 0.03 0.05 0.11 0.11 0.2 0.12
12 Past Therapy 0.24 0.16 0.19 0.24 0.25 0.29 0.29
13 Past Psychiatry 0.18 0.09 0.11 0.17 0.16 0.24 0.2
14 Past University 0.2 0.11 0.14 0.19 0.19 0.24 0.22
Counseling
15 Future Treatment 0.04 0.13 0.11 0.06 0.07 0.03 0.08
16 Seat Belt -0.05 0.01 -0.01 -0.04 -0.03 -0.07 -0.02
17 Helmet — Bicycle -0.03 -0.03 -0.04 -0.01 -0.03 -0.01 -0.02
18 Helmet — Motorcycle -0.04 0.05 0.03 -0.01 -0.01 -0.07 -0.01
19 Past 30-day Alcohol 0.06 0.11 0.11 0.08 0.09 0.06 0.08
20 Heavy Episodic 0 -0.04 -0.03 -0.01 -0.01 0.03 -0.01
Drinking
21 Driving After 0.02 0.01 0.03 0.03 0.03 0.04 0.02
Drinking
22 Driving After HED 0.01 -0.04 -0.02 0.01 0.01 0.03 0.01
23 Alcohol Consequences 0.16 0.1 0.12 0.16 0.16 0.18 0.14
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24 # of Sex Partners
25 Condom — Oral Sex
26 Condom — Vaginal

Intercourse
27 Condom — Anal

Intercourse

28 Purging

29 Diet Pills

30 Moderate Cardio
31 Vigorous Cardio
32 Weightlifting

33 Sleep difficulties
34 Falling Back Asleep
35 Tired, Dragging,
Sleepy

36 Stay Awake

37 Falling Asleep

38 Academic Difficulties

0.08

-0.02

-0.06

-0.03

0.13

0.08

-0.04

-0.06

-0.07

0.33

0.16

0.31

0.21

0.24

0.34

0.03

-0.02

-0.04

0.05

0.02

-0.03

-0.04

-0.11

0.19

0.08

0.29

0.16

0.14

0.29

0.04

-0.09

-0.03

-0.07

0.06

0.03

-0.06

-0.08

-0.12

0.24

0.1

0.35

0.2

0.18

0.3

0.07

-0.05

-0.04

0.01

0.11

0.06

-0.04

-0.06

-0.09

0.3

0.13

0.29

0.17

0.23

0.3

0.07

-0.05

-0.06

-0.01

0.11

0.06

-0.05

-0.06

0.3

0.14

0.31

0.19

0.22

0.33

0.1

-0.07

-0.02

0.16

0.11

-0.06

-0.09

-0.07

0.36

0.18

0.29

0.21

0.27

0.34

0.06

-0.03

-0.05

-0.04

0.11

0.07

-0.04

-0.07

-0.09

0.35

0.18

0.33

0.23

0.26

0.37
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Table 3 cont.

Correlations between indicator and outcome variables within student-athlete sample

Variable Name 8 9 10 11 12 13 14
8 Anger —
9 Self-harm 0.25 —
10 Suicidal Ideation 0.3 0.5 —
11 Suicide Attempt 0.16 0.45 0.46 —
12 Past Therapy 0.18 0.16 0.19 0.06 —
13 Past Psychiatry 0.15 0.2 0.22 0.14 0.4 —
14 Past University 0.13 0.13 0.17 0.07 0.56 0.27 —
Counseling
15 Future Treatment 0.01 -0.02 -0.01 -0.05 0.23 0.12 0.18
16 Seat Belt -0.07 -0.08 -0.08 -0.09 -0.01 -0.02 -0.01
17 Helmet — Bicycle -0.07 0.02 -0.01 0.01 0.05 0.06 0.04
18 Helmet — Motorcycle -0.06 -0.06 -0.07 -0.1 0.03 0.01 -0.01
19 Past 30-day Alcohol 0.09 0.06 0.06 0.03 0.11 0.08 0.08
20 Heavy Episodic 0.06 0.08 0.08 0.12 -0.02 0.04 -0.01
Drinking
21 Driving After 0.06 0.05 0.05 0.06 0.03 0.04 0.03
Drinking
22 Driving After HED 0.04 0.09 0.1 0.14 0.01 0.04 0.01
23 Alcohol Consequences 0.2 0.16 0.2 0.12 0.11 0.12 0.08
24 # of Sex Partners 0.11 0.09 0.11 0.08 0.1 0.09 0.07
25 Condom — Oral Sex -0.02 0.05 0.02 0.11 -0.02 0.01 -0.02
26 Condom — Vaginal -0.07 -0.04 -0.04 -0.04 -0.04 -0.04 -0.04
Intercourse
27 Condom — Anal -0.02 0.03 0.02 0.05 0.01 0.03 0.02
Intercourse
28 Purging 0.11 0.21 0.18 0.2 0.1 0.13 0.09
29 Diet Pills 0.11 0.14 0.14 0.18 0.05 0.08 0.03
30 Moderate Cardio -0.04 -0.01 -0.03 -0.02 -0.04 -0.03 -0.03
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31 Vigorous Cardio

32 Weightlifting

33 Sleep difficulties

34 Falling Back Asleep
35 Tired, Dragging,
Sleepy

36 Stay Awake

37 Falling Asleep

38 Academic Difficulties

-0.05

-0.03

0.3

0.17

0.26

0.2

0.23

0.29

-0.02

-0.02

0.16

0.11

0.13

0.1

0.15

0.12

-0.04

-0.02

0.22

0.14

0.17

0.13

0.19

0.18

-0.02

0.02

0.09

0.12

0.06

0.1

0.12

0.05

-0.03

-0.06

0.21

0.08

0.16

0.1

0.13

0.18

-0.03

-0.03

0.17

0.09

0.12

0.08

0.13

0.14

-0.01

-0.04

0.15

0.06

0.11

0.06

0.09

0.14
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Table 3 cont.
Correlations between indicator and outcome variables within student-athlete sample

Variable Name 15 16 17 18 19 20 21

15 Future Treatment —

16 Seat Belt 0.08 —

17 Helmet — Bicycle 0.07 0.2 —

18 Helmet — Motorcycle 0.13 0.37 0.41 —

19 Past 30-day Alcohol 0.07 -0.1 -0.1 -0.04 —

20 Heavy Episodic -0.08 -0.13 -0.08 -0.14 0.49 —

Drinking

21 Driving After -0.02 -0.07 -0.06 -0.12 0.23 0.18 —
Drinking

22 Driving After HED -0.05 -0.11 -0.03 -0.14 0.13 0.23 0.31
23 Alcohol Consequences -0.03 -0.15 -0.1 -0.13 0.33 0.4 0.17
24 # of Sex Partners -0.01 -0.12 -0.1 -0.05 0.33 0.3 0.12
25 Condom — Oral Sex -0.04 0.01 0.08 -0.04 -0.09 0.02 -0.02
26 Condom — Vaginal 0.03 0.07 0.08 0.08 -0.07 -0.06 -0.1
Intercourse

27 Condom — Anal 0.03 0.07 0.1 0.08 -0.03 0.02 -0.04
Intercourse

28 Purging -0.01 -0.06 0 -0.04 0.07 0.1 0.04
29 Diet Pills -0.03 -0.07 -0.03 -0.07 0.05 0.1 0.07
30 Moderate Cardio 0 0.01 0.01 0.06 -0.05 -0.03 -0.05
31 Vigorous Cardio 0 0.01 0.03 0.04 -0.05 -0.02 -0.06
32 Weightlifting -0.06 -0.01 -0.01 0.01 0 0.07 -0.02
33 Sleep difficulties 0.02 -0.04 -0.03 -0.03 0.06 0.02 0.04
34 Falling Back Asleep -0.03 -0.04 -0.02 -0.11 0.02 0.06 0.04
35 Tired, Dragging, 0.03 -0.05 -0.06 -0.02 0.07 0.03 0.02
Sleepy

36 Stay Awake 0.01 -0.03 -0.03 -0.03 0.03 0.02 0.02
37 Falling Asleep -0.03 -0.05 -0.03 -0.08 0.06 0.07 0.03
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38 Academic Difficulties 0.04 -0.03 -0.03 -0.05 0.07 0.02 0.03
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Table 3 cont.
Correlations between indicator and outcome variables within student-athlete sample

Variable Name 22 23 24 25 26 27 28

22 Driving After HED —

23 Alcohol Consequences 0.17 —

24 # of Sex Partners 0.12 0.41 —

25 Condom — Oral Sex 0.07 -0.06 -0.02 —

26 Condom — Vaginal -0.04 -0.15 -0.01 0.25 —

Intercourse

27 Condom — Anal 0.06 -0.02 0.11 04 0.58 —

Intercourse

28 Purging 0.09 0.15 0.1 0.03 -0.03 0.02 —
29 Diet Pills 0.1 0.12 0.08 0.05 -0.04 0.03 0.32
30 Moderate Cardio -0.01 -0.01 0.01 0.02 0.06 0.03 0
31 Vigorous Cardio -0.01 0.01 0.01 0.01 0.05 0.03 0
32 Weightlifting 0.03 0.02 0.07 0.07 0.02 0.02 0
33 Sleep difficulties 0.04 0.14 0.09 0.01 -0.04 0.01 0.12
34 Falling Back Asleep 0.07 0.08 0.06 0.05 -0.04 0 0.1
35 Tired, Dragging, 0.04 0.15 0.08 -0.05 -0.03 -0.04 0.09
Sleepy

36 Stay Awake 0.05 0.09 0.06 0.01 -0.04 -0.03 0.09
37 Falling Asleep 0.06 0.13 0.08 0.02 -0.04 -0.01 0.12
38 Academic Difficulties 0.02 0.14 0.08 -0.02 -0.03 0.02 0.08
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Table 3 cont.
Correlations between indicator and outcome variables within student-athlete sample

Variable Name 29 30 31 32 33 34 35
29 Diet Pills —
30 Moderate Cardio -0.02 —
31 Vigorous Cardio -0.02 0.69 —
32 Weightlifting 0.01 0.48 0.55 —
33 Sleep difficulties 0.09 -0.04 -0.06 -0.04 —
34 Falling Back Asleep 0.1 0.03 0.02 0.04 0.25 —
35 Tired, Dragging, 0.08 0.02 0 -0.02 0.33 0.27 —
Sleepy
36 Stay Awake 0.07 0.03 0.01 0.02 0.18 0.26 0.46
37 Falling Asleep 0.12 -0.02 -0.03 1 0.45 0.41 0.37
38 Academic Difficulties 0.06 -0.04 -0.05 -0.06 0.35 0.12 0.28
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Table 3 cont.
Correlations between indicator and outcome variables within student-athlete sample

Variable Name 36 37 38

36 Stay Awake —
37 Falling Asleep 0.18 —

38 Academic Difficulties 0.19 0.19 —
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Table 4
Correlations between indicator and outcome variables within non-athlete sample

Variable Name 1 2 3 4 5 6 7
1 Hopeless —
2 Overwhelmed 0.38 —
3 Exhausted 0.39 0.67 —
4 Lonely 0.58 0.39 0.41 —
5 Sad 0.61 0.43 0.45 0.66 —
6 Depressed 0.62 0.30 0.33 0.53 0.60 —
7 Anxiety 0.52 0.44 0.44 0.48 0.56 0.56 —
8 Anger 0.46 0.27 0.29 0.4 0.46 0.51 0.49
9 Self-harm 0.24 0.10 0.11 0.2 0.21 0.30 0.20
10 Suicidal Ideation 0.35 0.13 0.14 0.27 0.27 0.42 0.26
11 Suicide Attempt 0.11 0.03 0.03 0.09 0.09 0.16 0.10
12 Past Therapy 0.20 0.15 0.18 0.21 0.23 0.27 0.27
13 Past Psychiatry 0.17 0.09 0.11 0.15 0.17 0.25 0.21
14 Past University 0.19 0.11 0.12 0.18 0.19 0.23 0.20
Counseling
15 Future Treatment 0.02 0.10 0.10 0.04 0.06 0.04 0.08
16 Seat Belt -0.05 -0.01 -0.01 -0.04 -0.04 -0.05 -0.02
17 Helmet — Bicycle -0.07 -0.07 -0.06 -0.05 -0.06 -0.05 -0.05
18 Helmet — Motorcycle -0.04 0.02 0.02 -0.01 0 -0.02 0
19 Past 30-day Alcohol 0.02 0.09 0.10 0.04 0.06 0.04 0.06
20 Heavy Episodic 0.01 -0.01 -0.02 0.01 0.02 0.02 0
Drinking
21 Driving After 0 0.02 0.03 -0.01 0 0.01 0.01
Drinking
22 Driving After HED 0.04 0.02 0.01 0.03 0.03 0.05 0.02
23 Alcohol Consequences 0.16 0.11 0.11 0.16 0.18 0.18 0.15
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24 # of Sex Partners
25 Condom — Oral Sex
26 Condom — Vaginal

Intercourse
27 Condom — Anal

Intercourse

28 Purging

29 Diet Pills

30 Moderate Cardio
31 Vigorous Cardio
32 Weightlifting

33 Sleep difficulties
34 Falling Back Asleep
35 Tired, Dragging,
Sleepy

36 Stay Awake

37 Falling Asleep

38 Academic Difficulties

0.07
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0.01

0.03
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0.06
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-0.03
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0.29
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-0.01
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-0.05
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-0.10

0.22
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0.18

0.17

0.28

0.07

-0.04

0.04
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0.09

0.04

-0.04

-0.06

-0.08

0.28

0.12

0.29

0.15

0.22

0.30

0.09

-0.05

0.01

0.09

0.06

-0.04

-0.07

-0.09

0.30

0.13

0.31

0.18

0.22

0.33

0.10

-0.02

-0.01

0.01

0.12

0.07

-0.06

-0.08

-0.08

0.36

0.17

0.33

0.21

0.28

0.35

0.08

-0.03

-0.02

0.09

0.06

-0.04

-0.07

-0.09

0.33

0.16

0.33

0.22

0.25

0.37
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Table 4 cont.
Correlations between indicator and outcome variables within non-athlete sample

Variable Name 8 9 10 11 12 13 14
8 Anger —
9 Self-harm 0.22 —
10 Suicidal Ideation 0.30 0.42 —
11 Suicide Attempt 0.13 0.36 0.36 —
12 Past Therapy 0.18 0.14 0.18 0.05 —
13 Past Psychiatry 0.16 0.16 0.20 0.08 0.46 —
14 Past University 0.13 0.14 0.15 0.06 0.48 0.26 —
Counseling
15 Future Treatment 0 0 0 -0.03 0.24 0.14 0.15
16 Seat Belt -0.06 -0.05 -0.05 -0.04 0 -0.01 -0.01
17 Helmet — Bicycle -0.08 -0.02 -0.05 0 0.06 0.05 0.01
18 Helmet — Motorcycle -0.03 0 -0.04 -0.02 0.06 0.02 0.04
19 Past 30-day Alcohol 0.05 0.03 0.03 0 0.11 0.08 0.08
20 Heavy Episodic 0.05 0.05 0.05 0.05 -0.03 0.01 -0.01
Drinking
21 Driving After 0.03 -0.01 0 0 0.04 0.03 0.01
Drinking
22 Driving After HED 0.05 0.02 0.05 0.04 0 0.01 0
23 Alcohol Consequences 0.19 0.17 0.20 0.10 0.10 0.10 0.09
24 # of Sex Partners 0.08 0.09 0.11 0.06 0.13 0.09 0.09
25 Condom — Oral Sex -0.02 -0.01 -0.01 0.04 -0.06 -0.04 -0.01
26 Condom — Vaginal -0.04 0 -0.01 0 -0.10 -0.08 -0.01
Intercourse
27 Condom — Anal -0.04 -0.01 0.01 0.02 -0.03 -0.01 0.02
Intercourse
28 Purging 0.09 0.16 0.13 0.11 0.07 0.07 0.05
29 Diet Pills 0.07 0.07 0.08 0.08 0.03 0.05 0.02
30 Moderate Cardio -0.04 -0.02 -0.03 -0.01 0 -0.01 -0.01
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31 Vigorous Cardio

32 Weightlifting

33 Sleep difficulties

34 Falling Back Asleep
35 Tired, Dragging,
Sleepy

36 Stay Awake

37 Falling Asleep

38 Academic Difficulties

-0.04
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0.08
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-0.04
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0.19
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0.19
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0.08

0.07

0.06

0.07

0.07

0.06

-0.03

-0.05

0.18

0.08

0.17

0.10

0.12

0.17

-0.03

-0.04

0.17

0.08

0.14

0.09

0.13

0.14
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-0.05
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0.04

0.11
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0.08

0.15
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Table 4 cont.
Correlations between indicator and outcome variables within non-athlete sample

Variable Name 15 16 17 18 19 20 21

15 Future Treatment —

16 Seat Belt 0.06 —

17 Helmet — Bicycle 0.07 0.19 —

18 Helmet — Motorcycle 0.09 0.31 0.44 —

19 Past 30-day Alcohol 0.08 -0.07 -0.08 -0.03 —

20 Heavy Episodic -0.07 -0.14 -0.12 -0.16 0.42 —

Drinking

21 Driving After 0.01 -0.05 -0.04 -0.03 0.28 0.13 —
Drinking

22 Driving After HED -0.03 -0.08 -0.06 -0.07 0.10 0.18 0.22
23 Alcohol Consequences -0.02 -0.13 -0.15 -0.08 0.30 0.39 0.14
24 # of Sex Partners 0.04 -0.09 -0.10 -0.05 0.32 0.25 0.09
25 Condom — Oral Sex -0.03 0 0.06 0.02 -0.11 -0.03 -0.07
26 Condom — Vaginal -0.02 0.03 0 0.05 -0.07 0 -0.10
Intercourse

27 Condom — Anal 0 0.03 0.04 0.05 -0.07 0 -0.09
Intercourse

28 Purging -0.01 -0.03 -0.02 -0.01 0.05 0.06 0.02
29 Diet Pills -0.01 -0.04 -0.03 -0.03 0.04 0.03 0.03
30 Moderate Cardio 0.01 0.01 0.06 0.04 0.05 0.03 -0.02
31 Vigorous Cardio -0.03 0 0.05 0.03 0.06 0.08 0
32 Weightlifting -0.05 -0.01 0.01 0.03 0.07 0.09 0.01
33 Sleep difficulties 0.02 -0.04 -0.05 0 0.02 0.01 0
34 Falling Back Asleep -0.03 -0.02 0 -0.02 0 0.02 -0.02
35 Tired, Dragging, 0.02 -0.03 -0.08 -0.01 0.04 0.01 -0.02
Sleepy

36 Stay Awake 0.01 -0.02 -0.05 -0.02 0 -0.02 0
37 Falling Asleep -0.03 -0.04 -0.05 -0.02 0.02 0.05 -0.03
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38 Academic Difficulties 0.03 -0.03 -0.05 0.01 0.04 0.01
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Table 4 cont.
Correlations between indicator and outcome variables within non-athlete sample

Variable Name 22 23 24 25 26 27 28

22 Driving After HED —

23 Alcohol Consequences 0.13 —

24 # of Sex Partners 0.07 0.38 —

25 Condom — Oral Sex -0.02 -0.07 -0.02 —

26 Condom — Vaginal -0.04 -0.08 0.09 0.29 —

Intercourse

27 Condom — Anal -0.04 -0.05 0.20 0.36 0.64 —

Intercourse

28 Purging 0.03 0.13 0.08 0 -0.01 -0.01 —
29 Diet Pills 0.03 0.09 0.06 0 -0.04 -0.04 0.28
30 Moderate Cardio 0 0.01 0.03 0.03 0.03 0.05 0.02
31 Vigorous Cardio 0.01 0.05 0.06 0.05 0.04 0.07 0.04
32 Weightlifting 0.03 0.05 0.09 0.04 0.03 0.05 0.02
33 Sleep difficulties 0.03 0.14 0.07 -0.01 -0.01 0.02 0.09
34 Falling Back Asleep 0.01 0.07 0.04 0.02 -0.03 -0.03 0.07
35 Tired, Dragging, 0.02 0.11 0.05 -0.05 -0.02 -0.02 0.08
Sleepy

36 Stay Awake 0.03 0.07 0.04 0 -0.02 -0.01 0.06
37 Falling Asleep 0.03 0.12 0.06 0.01 0 0.03 0.09
38 Academic Difficulties 0.03 0.14 0.07 -0.02 0.01 0.01 0.06
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Table 4 cont.

Correlations between indicator and outcome variables within non-athlete sample

Variable Name 29 30 31 32 33 34 35
29 Diet Pills —
30 Moderate Cardio 0.02 —
31 Vigorous Cardio 0.04 0.57 —
32 Weightlifting 0.05 0.41 0.61 —
33 Sleep difficulties 0.08 -0.03 -0.04 -0.04 —
34 Falling Back Asleep 0.06 0.02 0.01 0.01 0.27 —
35 Tired, Dragging, 0.06 -0.05 -0.09 -0.09 0.36 0.27 —
Sleepy
36 Stay Awake 0.06 -0.01 -0.03 -0.04 0.18 0.23 0.43
37 Falling Asleep 0.08 -0.01 -0.02 -0.01 0.47 0.38 0.38
38 Academic Difficulties 0.05 -0.04 -0.06 -0.07 0.34 0.12 0.29

85



Table 4 cont.
Correlations between indicator and outcome variables within non-athlete sample

Variable Name 36 37 38

36 Stay Awake —
37 Falling Asleep 0.14 —

38 Academic Difficulties 0.20 0.19 —
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Table 5
Latent Class Analysis model fit statistics for student-athlete sample

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7

SABIC 530041.5 361198.71 333653.99 322535.14 317118.81 312963.29 310308.77
Entropy o 0.88 0.87 0.84 0.83 0.82 0.82
ALCP o 0.96-0.97 0.91-0.95 0.88-0.95 0.85-0.92 0.82-0.93  0.80-0.93
# of L o - _ - - -
Sample

1 25,803 12,189 7,849 3,755 4,045 4,954 4,356

2 13,614 6,321 7,920 2,979 4,139 1,211

3 11,633 6,100 6,139 1,586 3,675

4 8,028 7,676 5,462 5,098

5 4,964 3,972 5,045

6 5,690 3,576

7 2,842
BLRT o .00 .00 .00 .00 .00 .00

Note. N =25,803. SABIC, Sample-Size Adjusted Bayesian Information Criterion; ALCP,
Average Latent Class Probability; BLRT, Bootstrap Likelihood Ratio Test. Bold indicates the

selected, best-fitting class.
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Table 6
BCH equality tests of means across latent classes

2 Class1 Class2 Class3 Class4 Class5
X p m m m m m
1. Past Therapy 339473 <.01 0.6l 0.49 0.36 0.21 0.12

2. PastPsychiatry 158581 <01 026 015 008 003 002
3. Past University

: 168432 <01 039 028 0.2 0.11 0.07
Counseling

4. Future Treatment 311.26 <.01 0.77 0.78 0.76 0.76 0.62
5. Seat Belt 10271 <.01  3.57 3.66 369 372 3.67
6. Helmet — Bicycle  27.83 <.0l 1.52 1.56 1.5 1.56 1.71
7. Helmet — 4849 <01  3.07 3.18 327 349 315
Motorcycle

8. Past 30-day 41423 <01 252 249 235 233 181
Alcohol

9. Heavy Episodic 5 o _ o1 18 1.14 1.05 1.09 1.26
Drinking

10. Driving After 00 0 _ 01 015 0.16 0.12 0.12 0.09
Drinking

11. Driving After

i 3976 <.01 0.3 0.02 001 0.01 0.02
12. Alcohol 85846 <.01 182 151 1.28 103 082
Consequences

13. # of Sex 280.18 <.01 217  2.04 1.6 1.52 1.48
Partners

éfc‘;(condom —Onal o506 <01 03 026 026 026 0.5
15. Condom — 7140 <01 2.1 227 23 244 243
Vaginal Intercourse

16. Condom —Anal )0 455 1.39 127 12 1.45
Intercourse

17. Purging 42099 <.01 0.1 0.04 003 0.01 0.01
18. Diet Pills 189.82 <.01 007 004  0.02 0.01 0.02
19. Moderate 10211 <.01  3.89 4.07 4.06 42 437
Cardio

20. Vigorous 18148 <.01 347 3.7 3.67 3.85 411
Cardio

21. Weightlifting ~ 428.61 <.01 268 287 266 2091 3.5
22. Sleep

e 4889.83 <.01 0.6 0.35 0.31 0.12 0.05
23. Falling Back 84807 <.01 18 1.28 126 0091 0.83
Asleep

24. Tired,

; 4470.60 <.01 4.54 3.38 3.73 2.87 1.93
Dragging, Sleepy
25. Stay Awake 154591 <.01 2.8 1.99 2.12 1.59 1.19
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26. Falling Asleep ~ 2200.28 <.01 2.79 1.82 1.79 1.17 0.9

27. Academic
Difficulties 6663.89 < .01 0.76 0.53 0.55 0.29 0.11
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Table 7
Knowngroup Latent Class Analyses model fit indices for student-athlete and non-athlete samples

Class Probabilities Freed Class Probabilities Constrained A
SABIC 720068.98 720453.76 384.79
Entropy 0.837 0.835 0.002

Note. SABIC, Sample-Size Adjusted Bayesian Information Criterion; A, change in model fit
index; Bold indicates the selected, best-fitting class.
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Table 8
Model fit indices of Latent Class Analyses with and without item threshold constraints for non-

athlete sample

Item Thresholds Freed Item Thresholds Constrained A
SABIC 329264.35 330094.23 829.88
Entropy 0.838 0.83 0.008

Note. SABIC, Sample-Size Adjusted Bayesian Information Criterion; A, change in model fit
index; Bold indicates the selected, best-fitting class.
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FIGURES
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Figure 1: Student-athlete mental health symptom latent class probabilities of endorsing “never,
or not in the past year”

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 2: Student-athlete mental health symptom latent class probabilities of endorsing “yes, in

the last year”
Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;

OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 3: Student-athlete mental health symptom latent class probabilities of endorsing “yes, in
the last two weeks”

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 4: Differences in likelihood of seeking past therapy services with a licensed mental health
provider across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 5: Differences in likelihood of seeking past therapy services with a psychiatric provider
across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 6: Differences in likelihood of seeking past therapy services from current university
counseling center across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 7: Differences in likelihood of seeking future therapy services across classes of student-
athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 8: Differences in endorsement of wearing a seatbelt while driving within the past year
across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 9: Differences in endorsement of wearing a helmet while riding a bicycle within the past
vear across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class

100



E T
_ peeFos r=F=y o
3 ® Lo Lo r=
b ol | |
b Lo |
. Lo I
H I | I
2 ! i 1 1 : I
. |
1 H 1 1 I
: : 1 | I
1 P rol I |
1 : 1 1 I
Pl ol |
1
H 1 1 | |
P o I
0 L__d L1 I: |
HS PS ANX OE NS

Figure 10: Differences in endorsement of wearing a helmet while riding a motorcycle over the
past year across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 11: Differences in endorsement of alcohol use in the past 30 days across classes of
student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 12: Differences in endorsement of heavy episodic drinking over the past 14 days across
classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 13: Differences in likelihood of driving after consuming alcohol in the past 30 days
across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 14: Differences in likelihood of driving after heavy episodic drinking in the past 30 days
across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 15: Differences in endorsement of alcohol-related consequences in the past year across
classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 16: Differences in endorsement of number of sexual partners in the past year across
classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 17: Differences in endorsement of condom or other protective measures use during oral
sex in the past 30 days across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 18: Differences in endorsement of condom or other protective measures use during
vaginal intercourse in the past 30 days across classes of student-athlete mental health symptoms
Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 19: Differences in endorsement of condom or other protective measures use during anal
intercourse in the past 30 days across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 20: Differences in likelihood of purging-related disordered eating behavior in the past 30
days across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 21: Differences in likelihood of using diet pills during the past 30 days across classes of
student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 22: Differences in endorsement of number of days engaging in moderate cardiovascular
exercise in the past week across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 23: Differences in endorsement of number of days engaging in vigorous cardiovascular
exercise in the past week across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 24: Differences in endorsement of number of days engaging in weightlifting in the past
week across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 25: Differences in likelihood of experiencing sleep difficulties in the past year across
classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 26: Differences in endorsement of number of days in the past week experiencing trouble
falling back asleep across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 27: Differences in endorsement of number of days in the past week experiencing feelings
of tired/dragging/sleepy across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 28: Differences in endorsement of number of days in the past week experiencing trouble
staying awake across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 29: Differences in endorsement of number of days in the past week experiencing trouble
falling asleep across classes of student-athlete mental health symptoms

Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Figure 30: Differences in likelihood of experiencing academics as difficult to handle within the
past year across classes of student-athlete mental health symptoms
Note. HS, High Symptoms Class; PS, Past Symptoms Class; ANX, Anxiety Symptoms Class;
OE, Overwhelmed and Exhausted Class; NS, No Symptoms Class
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Variable Item Response Options
Age How old are you? years
Sex What sex were you assigned at birth, such as Female, Male
on an original birth certificate?
Gender Which term do you use to describe your Woman, Man, Trans Woman,
gender identity? Trans Man, Genderqueer,
Another identity (please
specify)
Race How do you usually describe yourself? (Mark | White, Black, Hispanic or
all that apply) Latino/a, Asian or Pacific
Islander, American
Indian/Alaska Native/Native
Hawaiian, Biracial or
Multiracial, Other
Sexual What term best describes your sexual Asexual, Bisexual, Gay,
Orientation | orientation? Lesbian, Pansexual, Queer,
Questioning, Same Gender
Loving, Straight/heterosexual,
Another identity (please
specify)
School Year | What is your year in school? 1* year undergraduate, 2™ year

undergraduate, 3" year
undergraduate, 4™ year
undergraduate, 5" year

undergraduate, Graduate or
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professional, Not seeking a

degree, Other

Athletic

Affiliation

Within the last 12 months, have you
participated in organized college athletics at

any of the following level?

Varsity (No/Yes), Club sports

(No/Yes), Intramurals (No/Yes)
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Have you ever...

Item Response Options
Felt things were hopeless No, No, not in the | Yes, in the last | Yes, inthe | Yes, in the
never | last 12 months | 12 months last 30 days | last 2 weeks
Felt overwhelmed by all you had | No, No, notinthe | Yes, in the last | Yes, inthe | Yes, in the
to do never | last 12 months | 12 months last 30 days | last 2 weeks
Felt exhausted (not by physical No, No, not in the | Yes, in the last | Yes, in the | Yes, in the
activity) never | last 12 months | 12 months last 30 days | last 2 weeks
Felt very lonely No, No, notinthe | Yes, in the last | Yes, inthe | Yes, in the
never | last 12 months | 12 months last 30 days | last 2 weeks
Felt very sad No, No, notinthe | Yes, in the last | Yes, inthe | Yes, in the
never | last 12 months | 12 months last 30 days | last 2 weeks
Felt so depressed that it was No, No, notinthe | Yes, in the last | Yes, inthe | Yes, in the
difficult to function never | last 12 months | 12 months last 30 days | last 2 weeks
Felt overwhelming anxiety No, No, not inthe | Yes, in the last | Yes, inthe | Yes, in the
never | last 12 months | 12 months last 30 days | last 2 weeks
Felt overwhelming anger No, No, not inthe | Yes, in the last | Yes, inthe | Yes, in the
never | last 12 months | 12 months last 30 days | last 2 weeks
Intentionally cut, burned, No, No, notinthe | Yes, in the last | Yes, inthe | Yes, in the
bruised, or otherwise injured never | last 12 months | 12 months last 30 days | last 2 weeks
yourself
Seriously considered suicide No, No, notinthe | Yes, in the last | Yes, inthe | Yes, in the
never | last 12 months | 12 months last 30 days | last 2 weeks
Attempted suicide No, No, not in the | Yes, in the last | Yes, in the | Yes, in the
never | last 12 months | 12 months last 30 days | last 2 weeks
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Substance Use

Within the last 30 days, on how many days did you use...

Item Response Options
Alcohol Never | Have used, butnot | 1-2 | 3-5 | 6-9 | 10-19 | 20-29 | Used
used | in last 30 days days | days | days | days days | daily
Cannabis

Over the last two weeks, how many times have you had five or more drinks of alcohol at a

sitting?

Within the last 30 days, did you...

N/A, don’t drink

None

1 time

2 times

3 times

4 times

5 times

6 times

7 times

8 times

9 times

10 or more times

Item

Response Options
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Drive after drinking any alcohol at all

N/A, don’t drive

N/A, don’t drink

No

Yes

Drive after drinking five or more drinks of alcohol

N/A, don’t drive

N/A, don’t drink

No

Yes

Within the last 12 months, have you experienced any of the following when drinking alcohol?

Item Response Options
Did something you later regretted N/A, don’t drink | No | Yes
Forgot where you were or what you did N/A, don’t drink | No | Yes
Got in trouble with the police N/A, don’t drink | No | Yes
Someone had sex with me without my consent N/A, don’t drink | No | Yes
Had sex with someone without their consent N/A, don’t drink | No | Yes
Had unprotected sex N/A, don’t drink | No | Yes
Physically injured yourself N/A, don’t drink | No | Yes
Physically injured another person N/A, don’t drink | No | Yes
Seriously considered suicide N/A, don’t drink | No | Yes

Risky Sex

Within the last 12 months, with how many partners have you had oral sex, vaginal intercourse, or

anal intercourse?

number of partners.

Within the last 30 days, how often did you or your partner(s) use a condom or other protective

barrier (e.g., male condom, female condom, dam, glove) during...

Item Response options

Oral sex? N/A, never | Have not done this Never | Rarely | Sometimes | Most of | Always

did this sexual activity during the time

the last 30 days
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sexual
activity
Vaginal N/A, never | Have not done this Never | Rarely | Sometimes | Most of | Always
Intercourse? | did this sexual activity during the time
sexual the last 30 days
activity
Anal N/A, never | Have not done this Never | Rarely | Sometimes | Most of | Always
Intercourse? | did this sexual activity during the time
sexual the last 30 days
activity
Disordered Eating

Within the last 30 days, did you do any of the following?

Item Response Options
Vomit or take laxatives to lose weight No Yes
Take diet pills to lose weight No Yes

Risky Driving/Riding

Within the last 12 months, how often did you...

Item Response Options
Wear a seatbelt N/A, did not do this | Never | Rarely | Sometimes | Most of | Always
when you rode in activity withing the the time
the car? last 12 months
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Wear a helmet N/A, did not do this | Never | Rarely | Sometimes | Most of | Always
when you rode a activity withing the the time

bicycle? last 12 months

Wear a helmet N/A, did not do this | Never | Rarely | Sometimes | Most of | Always
when you rode a activity withing the the time

motorcycle?

last 12 months
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Item

Response Options

Have you ever received psychological or mental health services from a No Yes
counselor/therapist/psychologist?

Have you ever received psychological or mental health services from a No Yes
psychiatrist?

Have you ever received psychological or mental health services from your No Yes
current college/university’s Counseling or health services?

If in the future you were having a personal problem that was really bothering | No Yes

you, would you consider seeking help from a mental health professional?

152




APPENDIX E

Performance-Related Outcomes

153



Exercise

On how many of the past 7 days did you...

Items
Do moderate-intensity cardio or 0 1 2 3 4 5 6 7
aerobic exercise (cause a noticeable days | day | days | days | days | days | days | days
increase in heart rate, such as a brisk
walk) for at least 30 minutes?
Do vigorous-intensity cardio or 0 1 2 3 4 5 6 7
aerobic exercise (caused large days | day | days | days | days | days | days | days
increases in breathing or heart rate,
such as jogging) for at least 20
minutes?
Do 8-10 strength training exercises 0 1 2 3 4 5 6 7
(such as weight machines) for 8-12 days | day | days | days | days | days | days | days
repetitions each?

Sleep

Within the last 12 months, have sleep difficulties been traumatic or very difficult for you to

handle?

Response Options

Yes

In the past 7 days, how often have you...

Items

Response Options
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Awakened too early in the morning and 0 1 2 3 4 5 6 7
couldn’t get back to sleep? days | day | days | days | days | days | days | days
Felt tired, dragged out, or sleepy during the 0 1 2 3 4 5 6 7
day? days | day | days | days | days | days | days | days
Gone to bed because you just could not stay 0 1 2 3 4 5 6 7
awake any longer? days | day | days | days | days | days | days | days
Had an extremely hard time falling asleep? 0 1 2 3 4 5 6 7
days | day | days | days | days | days | days | days

Academics

Within the last 12 months, have academics been traumatic or very difficult for you to handle?

Response Options

Yes
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Comment ID variable and sysmis.
DATASET ACTIVATE DataSetl.
COMPUTE ID=$CASENUM.
EXECUTE.

recode RNQ47 (-9 = sysmis) (1=1) (2=2) (3=3).
execute.

VALUE LABELS RNQ47
1 'Male'

2 'Female'

3 'Non-Binary'.

execute.

recode all (sysmis=-999).
execute.

ALTER TYPE NQ46(f3).

Recode NQ46 (18=1) (19=1) (20=1) (21=1) (22=1) (23=1) (24=1) (25=1)

(26=2) (27=2) (28=2) (29=2) (30=2) (31=2) (32=2) (33=2) (34=2) (35=2) (36=2) (37=2)
(38=2) (39=2) (40=2) (41=2) (42=2) (43=2) (44=2) (45=2) (46=2) (47=2) (48=2) (49=2)
(50=3) (51=3) (52=3) (53=3) (54=3) (55=3) (56=3) (57=3) (58=3) (59=3) (60=3) (61=3)
(62=3) (63=3) (64=3) (65=3) (66=3) (67=3) (68=3) (69=3) (70=3) (71=3) (72=3) (73=3)
(74=3) (77=3) (78=3) (79=3) (80=3) (81=3) (87=3) (88=3) (89=3) (90=3) (93=3) (94=3)
(96=3) (97=3) (98=3) (sysmis=-999) into agegrp.

execute.

recode agegrp (sysmis=-999).
execute.

Comment Recoding mental health indicators.
RECODE NQ30A to NQ30K (1=0) (2=1) (3=2) (4=3) (5=4).
execute.

Value labels NQ30A to NQ30K
0 'No, never'

1 'No, not in the last 12 months'
2 'Yes, in the last 2 weeks'

3 'Yes, in the last 30 days'

4 'Yes, in the last 12 months'.
execute.

RECODE NQ30A to NQ30K (0=0) (1=0) (2=2) (3=2) (4=1) into MHSX1 to MHSX11.
execute.
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Value labels MHSX1 to MHSX11
0 'Never or not in the last year'

1 'Yes, Within the last Year'

2 'Yes, Within the last 30 days'.
execute.

Comment Recoding MH history co-variates.
RECODE NQ31A1 to NQ31B7 (1=0) (2=1) (3=2) (4=3) (5=4) (6=5).
execute.

Value labels NQ31A1 to NQ31B7
0 'No'

1 'Yes, no tx'

2 '"Yes, medication'

3 'Yes, psychotherapy’

4 'Yes, medication & therapy'

5 'Yes, other tx'.

execute.

RECODE NQ31A1 to NQ31B7 (0=0) (1=1) (2=1) (3=1) (4=1) (5=1) (6=1) into DxHx1 to
DxHx15.
execute.

Value labels DxHx1 to DxHx15
0 No'

1 'Yes, diagnosed and/or treated'.
execute.

COMPUTE Dx3 = (Dxhx1+Dxhx3+Dxhx4+Dxhx5+Dxhx7+Dxhx8+Dxhx9+Dxhx10+Dxhx11+
Dxhx12+Dxhx13+Dxhx14+Dxhx15).
execute.

Recode Dx3 (0=0) (1=1) (2=1) (3=1) (4=1) (5=1) (6=1) (7=1) (8=1) (9=1)
(10=1) (11=1) (12=1) (13=1).
execute.

Value labels Dx3

0 'No'

1 'Yes, Diagnosed and/or Treated'.
execute.

RECODE NQI8A (1=0) (2=1).
execute.

Value labels NQ18A
0 'No'
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1'Yes'.
execute.

Comment recode other meds Qs.
RECODE NQ18B to NQI8E (1=0) (2=1).
execute.

Value labels NQ18B to NQ18E
0 'No'

1'Yes'.

execute.

Comment Recoding outcomes.

Comment help seeking.
RECODE NQ34A to NQ34B (1=0) (2=1).
execute.

Value labels NQ34A to NQ34B
0 'No'

1'Yes'.

execute.

Recode NQ35 (1=0) (2=1).
Recode NQ36 (1=0) (2=1).
execute.

Value labels NQ35 to NQ36
0 'No'

1'Yes'.

execute.

Comment Performance outcomes.

Comment Academic Performance.
RECODE NQ33A (1=0) (2=1).
execute.

Value labels NQ33A
0 'No'

1'Yes'.

execute.

RECODE NQ45A1 to NQ45D4 (1=0) (2=1) (3=2) (4=3) (5=4) (6=5).
execute.
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Value labels NQ45A1 to NQ45D4

0 'This did not happen to me/not applicable’'

1 'T have experienced this issue but my academics have not been affected'

2 'Received a lower grade on an exam or important project’

3 'Received a lower grade in the course'

4 'Received an incomplete or dropped the course'

5 'Significant disruption in thesis, dissertation, research, or practicum work'.
execute.

Comment exercise performance.
RECODE NQ29A to NQ29C (1=0) (2=1) (3=2) (4=3) (5=4) (6=5) (7=6) (8=T7).
execute.

Value labels NQ29A to NQ29C
0'0 days'

1'l day'

2 '2 days'

3 '3 days'

4'4 days'

5'5 days'

6 '6 days'

7'7 days'.

execute.

Comment sleep.
RECODE NQ33K (1=0) (2=1).
execute.

Value labels NQ33K
0 'No'

1'Yes'.

execute.

RECODE NQ44A to NQ44D (1=0) (2=1) (3=2) (4=3) (5=4) (6=5) (7=6) (8=7).
execute.

Value labels NQ44A to NQ44D
0'0 days'

1'l day'

2 '2 days'

3 '3 days'

4'4 days'

5'5 days'

6 '6 days'

7'7 days'.

execute.
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Comment health risk behaviors.

Comment Substance Use.
RECODE NQS8AS to NQ8AG6 (1=0) (2=1) (3=2) (4=3) (5=4) (6=5) (7=6) (8=7).
execute.

Value labels NQ8AS5 to NQ8A6

0 'Never used'

1 'Have used, but not in last 30 days'
2 '1-2 days'

3 '3-5 days'

4'6-9 days'

5'10-19 days'

6 '20-29 days'

7 'Used daily'.

execute.

RECODE NQ13 (1=sysmis) (2=0) (3=1) (4=2) (5=3) (6=4) (7=5) (8=6) (9=7) (10=8) (11=9)
(12=10) into hed.
execute.

Value labels hed
0 'None'

1'1 time'

2 '2 times'
3 '3 times'
4'4 times'
5'5 times'
6 '6 times'
7 '7 times'
8 '8 times'
9'9 times'

10 '10 or more times'.
execute.

RECODE NQ14A to NQ14B (1=sysmis) (2=sysmis) (3=0) (4=1) into duil to dui2.
execute.

Value labels duil to dui2
0 'No'

1'Yes'.

execute.

RECODE NQI16A to NQ16I (1=sysmis) (2=0) (3=1) into conseql to conseq9.
execute.
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Value labels conseql to conseq9
0 'No'

1'Yes'

execute.

Comment Safety in car/bike/motorcycle.
RECODE NQ4A to NQ4D (1=sysmis) (2=0) (3=1) (4=2) (5=3) (6=4) into safel to safe4.
execute.

Value labels safel to safe4
0 Never'

1 'Rarely’

2 'Sometimes'

3 'Most of the time'

4 'Always'.

execute.

Comment risky sex.
If (NQ19 ge 10) NQ19 =9.
execute.

Value labels NQ19
0'0 partners'

1'1 partner'

2 '2 partners'

3 '3 partners'

4 '4 partners'

5'S partners'

6 '6 partners'

7 '7 partners'

8 '8 partners'

9'9 or more partners'.
execute.

RECODE NQ22A to NQ22C (1=sysmis) (2=sysmis) (3=0) (4=1) (5=2) (6=3) (7=4) into
condoml to condom3.
execute.

Value labels condom1 to condom3
0 Never'

1 'Rarely’

2 'Sometimes'

3 'Most of the time'

4 'Always'.

execute.
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Comment disordered eating behaviors.
RECODE NQ38C to NQ38D (1=0) (2=1).
execute.

Value labels NQ38C to NQ38D
0 'No'

1'Yes'.

execute.

Comment recode athletics participation.
RECODE NQ64A to NQ64C (1=0) (2=1).
execute.

Value labels NQ64A to NQ64C
0 'No'

1'Yes'.

execute.

COMMENT Count outcomes.

Compute totconseq = sum(conseql to conseq9).

execute.
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APPENDIX G

Mplus Code for Model Comparisons — Class Probabilities
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Class Probabilities Constrained Between Student-Athletes and Non-Athletes
DATA:

FILE is Davis ACHA CombineAUX123022.csv;

VARIABLE:

NAMES ARE

ID NQ64A NQ64B NQ64C NQ46 agegrp RNQ47A RNQ47B RNQ47C
RNQ48 NQ54A NQ54B NQ54C NQ54D NQS54E NQS54F

NQ54G NQ51 NQ55 PAREQ RNQ47 size MHSX1 MHSX2
MHSX3 MHSX4 MHSX5 MHSX6 MHSX7 MHSX8 MHSX9
MHSX10 MHSX11 Dx1 Dx2 Dx3 NQ18A NQ34A NQ34B NQ35
NQ36 safel safe2 safe3 safe4 NQS8AS NQ8AG6 hed duil dui2
conseql conseq2 conseq3 conseq4 conseqS conseqb conseq?
conseq8 conseq9 NQ19 condom1 condom2 condom3 NQ38C
NQ38D NQ29A NQ29B NQ29C NQ33K NQ44A NQ44B NQ44C
NQ44D NQ33A NQ45A1 NQ45A3 NQ45B4

NQ45B7 NQ45C6 NQ45D4 totconseq;

MISSING = all(-999);

USEVARIABLES ARE

MHSX1 MHSX2 MHSX3 MHSX4 MHSX5 MHSX6

MHSX7 MHSX8 MHSX9 MHSX10 MHSX11
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Dx1 Dx2 Dx3 agegrp RNQ47A;

CATEGORICAL ARE MHSX1 MHSX2 MHSX3 MHSX4 MHSX5 MHSX6

MHSX7 MHSX8 MHSX9 MHSX10 MHSX11;

CLASSES =g (2) ¢ (5);

KNOWNCLASS = g (NQ64A = 0 NQG64A = 1);

ANALYSIS:

TYPE = MIXTURE;

PROCESSORS = 20;

MODEL:

%OVERALL%Y%

c on Dx1 Dx2 Dx3 agegrp RNQ47A;

OUTPUT: tech4 tech7 techl1 tech14;
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Class Probabilities Freed Between Student-Athletes and Non-Athletes
DATA:

FILE is Davis ACHA CombineAUX123022.csv;

Variable:

NAMES ARE

ID NQ64A NQ64B NQ64C NQ46 agegrp RNQ47A RNQ47B RNQ47C
RNQ48 NQ54A NQ54B NQ54C NQ54D NQS4E NQS54F

NQ54G NQ51 NQ55 PAREQ RNQ47 size MHSX1 MHSX?2
MHSX3 MHSX4 MHSX5 MHSX6 MHSX7 MHSX8 MHSX9
MHSX10 MHSX11 Dx1 Dx2 Dx3 NQ18A NQ34A NQ34B NQ35
NQ36 safel safe2 safe3 safe4 NQS8AS NQ8AG6 hed duil dui2
conseql conseq2 conseq3 conseq4 conseqS conseqb conseq?
conseq8 conseq9 NQ19 condom1 condom2 condom3 NQ38C
NQ38D NQ29A NQ29B NQ29C NQ33K NQ44A NQ44B NQ44C
NQ44D NQ33A NQ45A1 NQ45A3 NQ45B4

NQ45B7 NQ45C6 NQ45D4 totconseq;

MISSING = all(-999);

USEVARIABLES ARE

MHSX1 MHSX2 MHSX3 MHSX4 MHSX5 MHSX6

MHSX7 MHSX8 MHSX9 MHSX10 MHSX11
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Dx1 Dx2 Dx3 agegrp RNQ47A;

CATEGORICAL ARE MHSX1 MHSX2 MHSX3 MHSX4 MHSX5 MHSX6

MHSX7 MHSX8 MHSX9 MHSX10 MHSX11;

CLASSES =g (2) ¢ (5);

KNOWNCLASS = g (NQ64A = 0 NQG64A = 1);

ANALYSIS:
TYPE = MIXTURE;

PROCESSORS = 20;

MODEL:

%OVERALL%Y%

c on Dx1 Dx2 Dx3 agegrp RNQ47A;

cong;

OUTPUT: tech4 tech7 techl1 tech14;
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APPENDIX H

Mplus Code for Model Comparisons — Thresholds
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Non-Athlete Item Thresholds Constrained to Equal Student-Athletes
DATA:

FILE is Davis ACHA CombineAUX123022.csv;

VARIABLE:

NAMES ARE

ID NQ64A NQ64B NQ64C NQ46 agegrp RNQ47A RNQ47B RNQ47C
RNQ48 NQ54A NQ54B NQ54C NQ54D NQS54E NQS54F

NQ54G NQ51 NQ55 PAREQ RNQ47 size MHSX1 MHSX2
MHSX3 MHSX4 MHSX5 MHSX6 MHSX7 MHSX8 MHSX9
MHSX10 MHSX11 Dx1 Dx2 Dx3 NQ18A NQ34A NQ34B NQ35
NQ36 safel safe2 safe3 safe4 NQS8AS NQ8AG6 hed duil dui2
conseql conseq2 conseq3 conseq4 conseqS conseqb conseq?
conseq8 conseq9 NQ19 condom1 condom2 condom3 NQ38C
NQ38D NQ29A NQ29B NQ29C NQ33K NQ44A NQ44B NQ44C
NQ44D NQ33A NQ45A1 NQ45A3 NQ45B4

NQ45B7 NQ45C6 NQ45D4 totconseq;

MISSING = all(-999);

USEVARIABLES ARE

MHSX1 MHSX2 MHSX3 MHSX4 MHSX5 MHSX6

MHSX7 MHSX8 MHSX9 MHSX10 MHSX11
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Dx1 Dx2 Dx3 agegrp RNQ47A;

CATEGORICAL ARE MHSX1 MHSX2 MHSX3 MHSX4 MHSX5 MHSX6

MHSX7 MHSX8 MHSX9 MHSX10 MHSX11;

USEOBSERVATIONS (NQ64A eq 0);

CLASSES = ¢ (5);

ANALYSIS:
TYPE = MIXTURE;

PROCESSORS = 20;

MODEL:
%OVERALL%Y%

c on Dx1 Dx2 Dx3 agegrp RNQ47A;

%cH1%
[MHSX1$1@-3.573];
[MHSX1$2@-2.013];
[MHSX2$1@-4.398];
[MHSX2$2@-3.287];

[MHSX3$1@-4.044];
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[MHSX3$2@-3.276];
[MHSX4$1@-3.454];
[MHSX4$2@-2.484];
[MHSX5$1@-4.897];
[MHSX5$2@-4.082];
[MHSX6$1@-3.681];
[MHSX6$2@-1.717];
[MHSX7$1@-3.665];
[MHSX7$2@-2.572];
[MHSX8$1@-1.579];
[MHSX8$2@-0.746];
[MHSX9$1@0.941];

[MHSX9$2@1.726];

[MHSX10$1@0.457];
[MHSX10$2@1.488];
[MHSX11$1@2.313];

[MHSX11$2@3.030];

%c#2%
[MHSX1$1@-1.350];
[MHSX1$2@3.2807;
[MHSX2$1@-3.788];

[MHSX2$2@0.783];
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[MHSX3$1@-3.114];
[MHSX3$2@0.881];
[MHSX4$1@-2.112];
[MHSX4$2@2.347];
[MHSX5$1@-3.324];
[MHSX5$2@2.441];
[MHSX6$1@-0.285];
[MHSX6$2@4.430];
[MHSX7$1@-1.439];
[MHSX7$2@2.384];
[MHSX8$1@-0.438];
[MHSX8$2@2.799];
[MHSX9$1@2.090];
[MHSX9$2@4.467];
[MHSX10$1@1.638];
[MHSX10$2@5.147];
[MHSX11$1@3.223];

[MHSX1182@6.929];

Yoc#3%
[MHSX1$1@-0.639];
[MHSX1$2@0.458];

[MHSX2$1@-3.693];
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[MHSX2$2@-2.455];
[MHSX3$1@-2.902];
[MHSX3$2@-2.250];
[MHSX4$1@-1.721];
[MHSX4$2@-0.6197;
[MHSX5$1@-2.926];
[MHSX5$2@-1.108];
[MHSX6$1@0.571];
[MHSX6$2@1.824];
[MHSX7$1@-1.067];
[MHSX7$2@-0.173];
[MHSX8$1@0.048];
[MHSX8$2@0.9817;
[MHSX9$1@3.2601;
[MHSX9$2@4.408];
[MHSX10$1@3.685];
[MHSX10$2@5.959];
[MHSX11$1@6.442];
[MHSX11$2@6.571];
YocH4%
[MHSX1$1@1.9601;
[MHSX1$2@2.946];

[MHSX2$1@-2.717];
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[MHSX2$2@-0.970];
[MHSX3$1@-1.552];
[MHSX3$2@-0.565];
[MHSX4$1@0.8897;
[MHSX4$2@1.9917;
[MHSX5$1@0.658];
[MHSX5$2@1.993];
[MHSX6$1@4.520];
[MHSX6$2@5.6997;
[MHSX7$1@0.923];
[MHSX7$2@1.755];
[MHSX8$1@1.794];
[MHSX8$2@2.757];
[MHSX9$1@4.885];
[MHSX9$2@5.833];
[MHSX10$1@7.426];
[MHSX10$2@7.835];
[MHSX11$1@15.000];

[MHSX11$2@15.001];

Yoc#5%

[MHSX1$1@5.741];

[MHSX1$2@5.784];
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[MHSX2$1@1.484];
[MHSX2$2@]1.771];
[MHSX3$1@2.608];
[MHSX3$2@2.788];
[MHSX4$1@3.575];
[MHSX4$2@3.807];
[MHSX5$1@3.4301];
[MHSX5$2@3.743];
[MHSX6$1@5.266];
[MHSX6$2@5.267];
[MHSX7$1@4.008];
[MHSX7$2@4.129];
[MHSX8$1@4.245];
[MHSX8$2@4.512];
[MHSX9$1@6.213];
[MHSX9$2@6.372];
[MHSX10$1@5.955];
[MHSX10$2@6.234];
[MHSX11$1@6.355];

[MHSX1182@6.642];

OUTPUT: tech4 tech7 techl1 tech14;
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Non-Athlete Item Thresholds Freely Estimated
DATA:

FILE is Davis ACHA CombineAUX123022.csv;

VARIABLE:

NAMES ARE

ID NQ64A NQ64B NQ64C NQ46 agegrp RNQ47A RNQ47B RNQ47C
RNQ48 NQ54A NQ54B NQ54C NQ54D NQS54E NQS54F

NQ54G NQ51 NQ55 PAREQ RNQ47 size MHSX1 MHSX2
MHSX3 MHSX4 MHSX5 MHSX6 MHSX7 MHSX8 MHSX9
MHSX10 MHSX11 Dx1 Dx2 Dx3 NQ18A NQ34A NQ34B NQ35
NQ36 safel safe2 safe3 safe4 NQS8AS NQ8AG6 hed duil dui2
conseql conseq2 conseq3 conseq4 conseqS conseqb conseq?
conseq8 conseq9 NQ19 condom1 condom2 condom3 NQ38C
NQ38D NQ29A NQ29B NQ29C NQ33K NQ44A NQ44B NQ44C
NQ44D NQ33A NQ45A1 NQ45A3 NQ45B4

NQ45B7 NQ45C6 NQ45D4 totconseq;

MISSING = all(-999);

USEVARIABLES ARE

MHSX1 MHSX2 MHSX3 MHSX4 MHSX5 MHSX6

MHSX7 MHSX8 MHSX9 MHSX10 MHSX11
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Dx1 Dx2 Dx3 agegrp RNQ47A;

CATEGORICAL ARE MHSX1 MHSX2 MHSX3 MHSX4 MHSX5 MHSX6

MHSX7 MHSX8 MHSX9 MHSX10 MHSX11;

USEOBSERVATIONS (NQ64A eq 0);

CLASSES = ¢ (5);

ANALYSIS:

TYPE = MIXTURE;

PROCESSORS = 20;

MODEL:

%OVERALL%Y%

c on Dx1 Dx2 Dx3 agegrp RNQ47A;

OUTPUT: tech4 tech7 techl1 tech14;
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