The Academic Success of College Students with ADHD: The First Year

by

Laura J. Carroll

A dissertation submitted in partial fulfillment
of the requirements for the degree of
Doctor of Philosophy
(Engineering Education Research)
in the University of Michigan
2023

Doctoral Committee:

Professor Cynthia J. Finelli, Chair
Professor Stephen DesJardins
Professor Joi-Lynn Mondisa
Professor Priti Shah



Laura J. Carroll
rowlandl@umich.edu

ORCID iD: 0000-0003-4426-9979

© Laura J. Carroll 2023



Acknowledgments

| would like to thank my advisor, Cynthia Finelli, and committee members, Stephen
DesJardins, Joi-Lynn Mondisa, and Priti Shah, for their guidance and direction throughout my
dissertation work. I would also like to thank the project’s advisory board members, Fintan
O’Regan, DeLean Tolbert Smith, Priti Shah, Arash Zaghi, and Manju Banerjee. | would like to
acknowledge the Cooperative Institutional Research Program (CIRP), the Higher Education
Research Institute (HERI), and the University of California, Los Angeles (UCLA) and thank
Ellen Stolzenberg and Kevin Eagan.

This research is supported by the U.S. National Science Foundation (grant number DUE-
2043430). Any opinions, findings, and conclusions, or recommendations expressed in this
material are those of the author(s) and do not necessarily reflect the views of the National

Science Foundation.



Table of Contents

ACKNOWIBAGMENES. ... .ottt et e s teeteere e s beesbeanaesreeeesreenreeneens ii
LISt OF TADIES ...ttt bbbt viii
TS 0 T TN =TSSR Xi
AADSTIACT ...t bbbttt n e Xiii
(@8 T o) 1 A [ 100 [0 od 1 o] SRS 1
1.1 RESEAICH ODJECTIVES ......euieiieiieieite ittt bbbttt b et 3
1.2 ReSearch CONIIDULIONS .........ooviiiiieiiteiieiee et 3
1.3 OVEIVIEW OF CRAPTETS. ....veiiiiiiiieite ettt bbbttt b e 4
Chapter 2 StUAY FIAMEWOTK ........ccvoiiiieiieeie et sttt e esbeeste e e e saeesreenee e 6
2.1 Conceptual framework COMPONENTS........cc.eiiiiiirieiieieieie et 7
2.1.1 Pre-college Characteristics and EXPErieNCeS.........c.ccvviieiiiiieiie s 7
2.1.2 Organizational CONTEXT..........ueveieierierierie et 11
2.1.3 ClasSrO0mM EXPEIIENCES ......cveiueeiiiieiie et st sttt ste e te et raesbeeste s e e saaeaesneesreeneeas 12
2.1.4 CUITICUIAr EXPEIIENCES ..ottt bbbt 14
2.1.5 OUL-0OF-Class EXPEITENCES ......ccuviiieeciie ittt sttt be et be e e e e nneas 17
2.1.6 ACAUEIMIC SUCCESS ..ottt sttt sttt bbbttt bbb sbeeneas 17
2.1.7 SUMIMAIY ...ttt ittt st e a e st e e s st e asbe e e ssbe e e ssbeeeasbeeessbeeessbeeenaeeennneseneeeans 19
Chapter 3 LItErature REVIBW .........cciiiiiiiieiieieite sttt bbbttt sbe e eneas 21
3.1 DiSability IMOTEIS ...t bttt ae e 21
3.2 Attention Deficit Hyperactivity DISOIAEr..........coeivveriirieiieseee e 23
3.2.1 EXECULIVE FUNCLION ...ttt 24



3.2.2 THE BIOWN IMOTEL......c.ccoeeeeeeeee ettt e e e e e e e e 24

3.2.3 NEUFOUIVEISITY ...ttt ettt ettt b bbb ene s 25
3.3 College Students With ADHD ..........cccoviiiiicie e 26
BL3L L SHIENQLNS ... 27
TR T 1 4 11 =T a0 TSR ROPSS 27
3.3.3 Inequalities in HIgher EAUCALION ..........cocciiiiiiieieiee e 28
3.4 Pre-college Factors of Students with ADHD ...........cccoooiiiiii i 29
3.5 College Experience of Students With ADHD...........cccoeiiiiiiiiieieeeeee s 31
3.5.1 ClasSrO0mM EXPEIIENCES ......cveiueeiiiieiteeiecee st este st e ste e e te et e s e e te s e e sreesaesreesreeneeas 32
3.5.2 CUITICUIAI EXPEIIENCES ....eviiiiiieiee ettt 35
3.5.3 OUL-0F-Class EXPEIIENCES ......ccuveiiiieireeie e sttt re e ae e sreeae e sreenee s 38
3.6 Academic Success of College Students With ADHD ..........ccccovviiiiiieiiiiereee e 40
3.7 SUMMIAIY .tvieeittee ettt ettt et e et e e bt e et b e e et e e e e s e e e en b e e an b e e e e st e e e enb e e e nnb e e e nnbeeenneennnes 44
3.8 RESEAICH QUESLIONS ....veveeiieieee ettt ettt e e et esreeste et e ereesreeneeaneenreeneeenee e 45
Chapter 4 ReSearch Methods ...........coviiiiiiiece et 46
A I - | - PSRRI 46
4.2 IMIBASUIES ...ttt bbb bbbt b e bbb 48
4.2.1 Independent, Mediating, and Auxiliary Variables. ..........c.ccccvvviieiienneicsiese e 48
4.2.2 Dependent VariabIes. ..........ocviiiiiiie e 59
4.3 MisSIiNg Data: BrIETIY ......coooiiiie e 62
AN g 1] USRS 62
4.4.1 Structural EqQUation MOdeling ..........cooiiiiiiiiiiiee s 62
4.4.2 Mediation @NalYSIS. ......ccveiiiiiiieese e 76
4.5 LEIMITALIONS ...ttt b bbbttt nn e 78
A.5.1 SAMPIE. ..ottt bt nre e 78



A.5.2 DAta.....eeiiiiii 79

4.5.3 StatiStiCal IMEtNOUS. .......ccoiiiiiii s 80

T G110 T Y ST RTUPRTPRTPI 82
CNAPLET 5 RESUILS ...ttt ettt sbenne et 83
5.1 DESCIIPLIVE STALISTICS ...vevveivieiiieie ettt re et e e sreeneenee e 85
5.1.1 Pre-college Characteristics & EXPEriENCES. .......ccvciieiiiriiiiiiesieeeeeee e 85
5.1.2 ACAUEIMIC SUCCESS. ....vevitieeiietisteseetest ettt b ettt sttt bbbt eb et 86
5.2 MeasUremMent IMOUEL..........oiuiiiiiiieeeee bbbt 87
5.2.1 INdIiCator Variables. ..........ccooiiiiieiiie s 88
5.2.2 Two-Factor Confirmatory Factor ANAIYSIS. ........ccoerireriiiieiiseeeee e 89
5.2.3 Three-Factor Confirmatory Factor ANalYSiS. .......c.ccoeeveiiieiiieieiicie e 95

5. 2.4 SUMIMAIY ...ttt b ettt b et e s e bt et e bt et st e nbeen e s e beanne s 97
5.3 Structural EQUation MOdeling ........ccooviiiiiiic e 101
5.3.1 First-year COIIEgE grates.........ccoiiiiiiiiiiiiiieeeee e 102
I O =T 111/ | 2SSOSR 135
5.4 OVETAll SUMIMEIY ....ooviiiiieeiieite et bbbttt n bbb nne s 142
ChapLer 6 DISCUSSION .....cuviiiieiteiieeiee st eie ettt et s et e e e e s te e te e e e saeesteesaeeseeabeesaesssesteennesraenteeneens 144
6.1 FIFST-YEAI GrAUES .....cveeuieeeteiei sttt bbbttt b bbb nne s 144
6.1.1 Pre-college, College, and Academic Success Relationships.........cccccvevvevieiineinnnn, 144
6.1.2 Mediating Role of College EXPEITENCES..........covuiirieiiieie i 149
6.1.3 Implications for Science, Mathematics, and Engineering..........cccccceevevvevvecieevnnnn, 150
8.2 CrBALIVITY ...ttt bbbttt b et bbbttt b et e et b bbb nre s 152
6.2.1 Relationships among Precollege, College, and Academic SUCCESS .........cccvvervverrnnne. 152
6.2.2 Mediating Role of the College EXPErIENCE .......cvcoveveeieeie e 153
6.2.3 IMplications fOr ENQINEEIING ......c.viuiiieieeie ettt 153



6.3 RECOMMENUALIONS ...ttt e et e ettt e e e e e e e e et e e e e e e e eaeeeeneeens 155

6.3.1 Precursors t0 ChaNQe ......oouoiiiie ettt st sre e enee e 156
6.3.2 Recommendations for Classroom INSErUCLION ............ccoireiiniieieisiceee e 158
6.4 Recommendations for Institutional POIICIES ............ccoeiiiiiiiiiiiie e 161
5.5 SUMMIAIY ...iiiiiiiie ettt ettt e e et e s e e e s r bt e e sbb e e e anb e e e nnbeeenbbeennneean 163
Chapter 7 CONCIUSIONS ......c.veuiiieieiesie ettt bbbt nn bbb 165
8 A S V=T Lo - To [ OSSR SSROSN 165
7.1.1 MOGEI STFUCTUIE. ...t 165
7.1.2 Parameter Estimates and Mediation. ...........ccocoviireiine e 166
7.2 CrBALIVITY ...ttt bbbttt b bbbt b e bt st e s et et bbbt nbe b 166
7.2.1 MOEI STIUCLUTE. ...ttt 166
7.2.2 Parameter Estimation and Mediation. ...........cocveriiineneiiree e 167
7.3 IMPIICALIONS ...ttt et ta et e e e e be e besaeesaaeaesrneareeneens 167
7.3 L TREOTELICAL ....cveeeeeee e e 167
T.3.2 PrACUICAL. ....voeieiiiieee b 168
T4 FULUIE WOTK .. b bbbttt b e bbb nne s 168
APPENTIX A MiSSING DALA .....c.eoivieiiciiecieece ettt e e ae s e ree e 170
A.1 Missing Data MECHANISIM ........couiiiiiiiiieiee e 170
A.1.1 0verview of MiSSING DAta.........c.ccciveiiiiiiiiiiccie e 170
A.1.2 Mechanism EXPIOTation. ..........ccooeiiiiiieiiiiiieeeee e 171
A.1.3 Method for Handling MisSing Data. ...........ccccvueiiiieiieiiieciic e 177
A2 AUXTHAIY VariabIes ........covoiiiiii s 178
A.2.1 Auxiliary Variable SCreening. .......cccooiiiiiiiiiiecc e 178
A.3 Multiple Imputation: Imputation PRASE............cccueiiiieiiieiecc e 185
A.4 Multiple Imputation DIAGNOSTICS .....c.eiviiieieiie et 188

Vi



ALD SUMIMATY ittt e s bt e sb b e e e st b e e e nbb e e e bb e e e bbeenneees

BIDHOGIAPNY ...t

vii



List of Tables

Table 1. Students’ responses, by cohort, to the TFS item about having received an ADHD

(01T | T TP USSP P PP PP PRPRORON 48
Table 2. Pre-college neurodiversity Variables...........ccooeiieiiiii i 50
Table 3. Pre-college sociodemographic variables ... 52
Table 4. Pre-college academic preparation and performance variables ...........c.ccccoevevvevveieennenn, 53
Table 5. Pre-college student disposition variables..............ocoiiiiiiiiie e 54
Table 6. Individual Student Experience: Classroom Experience variables..............ccccccovvevennnn. 57
Table 7. Individual Student Experience: Curricular Experience variables............ccccocvviininnnn. 58
Table 8. Individual Student Experience: Out-of-Class Experience variables..............c.cccccoveneee. 60
Table 9. Additional variables from the YFCY ......oooioiieiiee e 61
Table 10. Academic success variables (from the YFCY) ......coooiiiiiiiie i 61
Table 11. Distributions of indicator items for academic adjustment, faculty interaction, and sense
(o) il o<1 o] g T [T T ot ] 0 1S) (ot RSP SRSS 71
Table 12. Students’ pre-college characteristics and experiences (N = 45,915) ......cccccecevenvnnnnnns 86
Table 13. Students’ first-year academic SUCCESS (N = 45,915)......ccccviiiriiiiiiieniee e 87
Table 14. Spearman correlations, rs, for the three latent variables’ indicator variables (n = 32,235;
L =R [ 1= A o] ) I RO PP PP 89
Table 15. Two-factor latent variable measurement model CFA, standardized ................ccccoou.e.. 94
Table 16. Three-factor measurement model, standardized solution ............cccccceveiiiniieiennne 99

Table 17. Two-factor, first-year grades SEM (n = 27,410) using ML estimation, unstandardized
..................................................................................................................................................... 105

Table 18. Two-factor, first-year grades SEM (n = 27,410) with ML estimation, standardized . 107

viii



Table 19. Two-factor, first-year grades SEM (n = 43,523) using ML with multiple imputation,

UNSEANAAITIZEM ...ttt ettt e et e ne e b e e beaneesreeeeenee e 112
Table 20. Two-factor, first-year grades SEM (n = 28,324) using generalized SEM,
UNSEANAAITIZEM ...ttt st et e e re e st e e b e e neesreeeeenee e 114
Table 21. Coefficients and 95% Cls for the direct paths of the two-factor, first-year grades SEMs
..................................................................................................................................................... 117
Table 22. Three-factor, first-year grades SEM (n = 27,288) using ML, unstandardized ........... 120
Table 23. Three-factor, first-year grades SEM (n = 27,288) using maximum likelihood,
SEANUANTIZEA ...ttt bbbt e et bbb nre s 123

Table 24. Three-factor, first-year grades SEM (n = 43,523) using ML and multiple imputation,
UNSTANCAITIZEA ... e bbb b ettt e bttt e nreanes 127

Table 25. Comparison of path coefficients of the three-factor, first-year grades SEMs using ML
(n =27,288) and using ML with multiple imputation (n = 43,523), unstandardized ................. 130

Table 26. First-year grades mediation analysis with standard errors (delta and bootstrapped).. 133
Table 27. Generalized SEMs for three models of creativity..........cccooevveeieecicic i 141
Table 28. Instructional strategies to scaffold students' academic adjustment............cc.ccocevenene 162

Table 29. Number of missing and non-missing responses and the fraction of missing responses.
..................................................................................................................................................... 173

Table 30. Missing data patterns (with greater than 350 responses) for the model variables within
the first-year grades/creativity data set; variables with missing responses are indicated by an “x”
..................................................................................................................................................... 174

Table 31. Missing indicator variable for standardized test score (STANDTEST) regressed on
independent variables and the dependent variable (first-year grades)..........cccccevvvevieiieeiiieinnnns 175

Table 32. Standardized test score (STANDTEST) regressed on first-year grades model variables
..................................................................................................................................................... 176

Table 33. Potential auxiliary variables............ccoiiiiiiiiiii e 180

Table 34. Standardized (on y) mean differences between missing and non-missing shown for
selected potential auxiliary VariableS ..o 181

Table 35. Semi-partial residuals (standardized on x and y) of selected potential auxiliary
variables with model variables with more than 5,000 misSSiNg reSPONSES ........cccevvvrvereereereenne 182

Table 36. Summary of auxiliary variables and their type ... 183



Table 37. Pairwise correlations model variables and variables extraneous to the model........... 184
Table 38. Extraneous variables included in multiple imputation .............c.ccoovieiiiinciiincne 187

Table 39. Relative increase in variance (RVI), fraction of missing information (FMI), and
relative efficiency (RE) for the 30 imputations based on first-year grades regressed on the model
VAETADIES ...ttt b bt bRt e ettt b e reere s 190

Table 40. Summary (fraction or mean and standard deviation) of original and imputed data sets
TOr SEIECLEA VAITADIES. ... .ecviiiiee et b e e e sbe e st e e be e e re e saeeenes 193



List of Figures

Figure 1. Conceptual framework, based on the model of Terenzini and Reason (2005) and

Reason (2009), for studying the academic success of college students with ADHD...................... 8
Figure 2. Brown’s (2009) model of ADHD ........ccoiiiiiiiiiiee e 25
Figure 3. Bowman and coauthors (2019) structural equation model without the retention outcome
....................................................................................................................................................... 64
Figure 4. Three-factor structural equation model based on the Bowman model (2019) .............. 65
Figure 5. Two-factor structural equation model based on the Bowman model (2019) ................ 66

Figure 6. Model 1 hypothesized structural equation model with the creativity academic outcome

....................................................................................................................................................... 68
Figure 7. The hypothesized two-factor measurement model..............ccocooviiiiiiiiiiii e 73
Figure 8. The hypothesized three-factor measurement model...............cccooveiiieiiiicii e, 74
Figure 9. Schematic of mediating relationship of academic SUCCESS...........cccvvrierereneneriennnn 77
Figure 10. Direct (red) and indirect (lavender) paths in the hypothesized SEM model................ 77
Figure 11. Two-factor measurement model, standardized.............ccccooveieiiienieein i 93
Figure 12. Three-factor measurement model, standardized solution............ccccccvevvieiieiiicinenn, 98
Figure 13. Specified two-factor, first-year grades SEM ..o 104
Figure 14. Two-factor, first-year grades SEM (ML estimation), standardized .......................... 109
Figure 15. Three-factor, first-year grades SEM using a ML estimator, standardized ................ 126
Figure 16. Mediating (lavender) and direct (red) paths of the three-factor SEM....................... 132
Figure 17. Two-factor, creativity SEM Model 1 .........cccooieiiieiiee e 138
Figure 18. Two-factor, creativity SEM MOdel 2 ..o 139
Figure 19. Two-factor, creativity SEM Model 3 ..o 140

Xi



Figure 20. Academic adjustment support provided for students through academic coaching
(University of Colorado, N.d.) . ..o s 163

Figure 21. Trace plots for the estimated mean of standardized test score as a function of iteration
for imputation 1 (upper left), 15 (upper right), and 30 (lower) over the 100 burn-in cycles...... 191

Figure 22. Trace plots of the 100 burn-in cycles for the estimated standard deviation of
standardized test scores as a function of iteration for the 1st (upper left), 15th (upper right), and
30th (IOWEF) IMPULALION ....c.veeiecicce et e s be e s e sraenesreesreeneens 192

Figure 23. Density plots of actual standardized test scores (top left) and data from the 1st, 5th,
10th, 20th, and 30th IMPULALION .......c.eeiuiiieiecce e 194

Figure 24. Density of actual average high school grade (top left) and data from the 1st, 5th, 10th,
20th, and 30th IMPULALION ........ccviiicie e e re e ree e 195

xii



Abstract

College students with ADHD commonly share strengths, such as creativity, high energy
levels, and resilience, which are advantageous in their future careers. Yet, they often encounter
barriers or obstacles in college in their classroom, curricular, and out-of-class experiences and
less academic success, such as lower grades and rates of persistence, than their collegiate peers
without ADHD. Quantitative studies of the academic success of students with ADHD have not
broadly incorporated students’ college experiences to understand the role of these experiences on
their academic success. This dissertation aims to investigate the role of college experiences on
the academic success of students with ADHD to identify targeted aspects of the college
environment for change. | ask two research questions.
RQ1. What relationships exist between students’ precollege characteristics and
experiences, the college experience, and academic success for students with
ADHD?

RQ2. What college experiences, if any, mediate the relationship between a pre-college
ADHD diagnosis and academic success?

I use Terenzini and Reason’s college impact model. It posits that students’ pre-college
characteristics and experiences and individual student experiences in college (classroom,
curricular, and out-of-class) influence their academic success. | conducted structural equation
modeling (SEM) of students’ academic success in their first year and considered two measures of
academic success, first-year grades and creativity. The former provides a traditional measure of

academic success, and the latter is a known, yet often undervalued in engineering education,

Xiii



strength common to many students with ADHD. To estimate these SEMs, | used multi-
institutional, longitudinal data (n = 43,523, including 2,082 students indicating they had an
ADHD diagnosis) from the Higher Education Research Institute from undergraduate students at
four-year higher education institutions in the U.S. The data set has matched responses from
students as incoming college students and near the end of their first year.

The first-year grades SEMs indicated that students with ADHD had more difficulty, on
average, adjusting to college academics (measured as understanding their professors’
expectations, time management skills, and study skills) than their peers without ADHD. They
also earned, on average, slightly lower grades (one-fifth of a grade change or approximately 0.1
standard deviation) than their peers without ADHD. Students’ academic adjustment (i.e., the ease
with which they adjusted to college academics) partially mediated (approximately 33%) the
relationship between an ADHD diagnosis and lower first-year grades. Students’ interaction with
faculty and their sense of belonging had a negligible mediating effect on the ADHD-first-year
grades relationship.

For creativity, students with ADHD were more likely to identify as having high levels of
creativity (above average or in the top 10% of their peers) than their peers without ADHD. The
first-year college experience, measured as their interaction with faculty and sense of belonging,
had little effect on their self-rating of their creativity among students with ADHD.

These findings are broadly applicable to higher education administrators, staff, and
instructors and can be used to inform higher education instructional practices and institutional
policies. They are particularly important within engineering education and, more broadly,
science, engineering, and mathematics education, because students with ADHD may choose not

to enter these fields or decide not to persist in these majors if they earn lower grades and their

Xiv



strengths are not valued. Based on my findings, | recommend instructional practices that scaffold

all students’ academic adjustment while deemphasizing its role in first-year grades.
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Chapter 1 Introduction

Equity in higher education necessitates a collegiate environment that promotes the
academic success of a diverse student body, which will inevitably be neurodiverse.
“Neurodiversity describes the idea that people experience and interact with the world around
them in many different ways; there is no one "right" way of thinking, learning, and behaving,
and differences are not viewed as deficits” (Baumer & Frueh, 2021, para. 1). Neurodivergent
students include autistic students, dyslexic students, and students with attention deficit and
hyperactivity disorder (ADHD; Cleveland Clinic, n.d.). Higher education instructors, staff, and
administrators can best promote the academic success of all students if they are aware of the
experiences of specific groups of students, such as students with ADHD, and how these
experiences contribute to or hinder academic success.

Multiple achievement disparities (e.g., grades, persistence, and 4-year graduation rates)
indicate change in college classrooms and institutional policies is necessary to create a more
equitable college environment for a neurodiverse student population. The four-year graduation
rates for neurodivergent students, a group that includes students with ADHD, are substantially
lower (the University of California Student Experience Survey suggests 21 percentage points
lower) than for neurotypical students (i.e., students who are not neurodivergent; University of
California Office of the President, 2020).

Students with ADHD account for approximately 6.5% of first-year college students
(Eagan et al., 2017). They identify strengths such as creativity (White & Shah, 2011), divergent

thinking (White & Shah, 2016), high energy levels, and the ability to hyper-focus on tasks of



interest (Delisle & Braun, 2011; Mahdi et al., 2017; Sedwig et al., 2019). They also have
differences in executive functioning compared to their peers without ADHD (Brown, 2009).
Executive functions enable, for example, regulating attention, organizing, planning, and
initiating tasks (Brown, 2009; Diamond, 2013). Students with ADHD encounter challenging
experiences in college (e.g., Perry & Franklin, 2006) and on average experience less academic
success (e.g., DuPaul et al., 2021) than their peers without ADHD.

Classroom, curricular, and out-of-class experiences often require college students with
ADHD to overcome barriers or obstacles to succeed in college (e.g., Perry & Franklin, 2006).
For example, lecture-based classes are difficult for students with ADHD because such classes
require long periods of sustained attention and note-taking and lower student motivation (Lefler
et al., 2016). This instructional method does not align with the learning preferences and strengths
of students with ADHD (Lefler et al., 2016). An example of an engineering classroom barrier is
“traditional” engineering courses have a limited emphasis on creativity, a known strength of
many students with ADHD (Taylor et al., 2020, p. 213). Course assignments, assessments, and
projects may not allow students with ADHD who identify creativity as a strength to build on that
strength. Barriers can also arise when instructors are unfamiliar with ADHD and unaware of
classroom practices to equitably promote the success of students with ADHD (Vance &
Weyandt, 2008).

Institutional policies contribute to shaping the college environment and its barriers to the
academic success of students with ADHD. For example, many instructors are not provided with
opportunities to learn how to create more equitable classroom environments for neurodivergent

students (Dwyer et al., 2022). Other examples are limited opportunities for students to participate



in bridge programs (Dwyer et al., 2022) or first-year courses or use a learning management
system that supports students’ academic adjustment.

Identifying barriers long integrated into the traditional college environment and their
relationship to academic success is a critical to creating an equitable higher education
environment that promotes the academic success of all students (Dwyer et al., 2022). Eliminating
these barriers enables us to provide an educational environment where all students have equitable
learning experiences that promote their success (Nave, 2019; Nave, 2020; Nave, 2022).
However, little research exists on instructional practices and institutional policies for college
environments that create these equitable experiences for neurodiverse students. My study aims to
broadly identify the relationship between students’ college experiences and academic success

enabling efforts that target specific areas for change.

1.1 Research Objectives

| aim to recommend changes within higher education to create more equitable higher
education environments for students with ADHD. To do this, | investigate the relationships
between students’ pre-college characteristics and experiences, their college experiences, and
academic success outcomes. Furthermore, | identify the mediating role of college experiences on
academic success. By identifying the most influential aspects of the college experience, | can

tailor recommendations for higher education administrators, instructors, and staff.

1.2 Research Contributions

Research exploring the college experiences of students with ADHD has primarily been
qualitative and involved a relatively small number of participants (e.g., Kwon et al., 2018; Lefler

et al., 2016; Meaux et al., 2009; Perry & Franklin, 2006; Willis et al., 1995). Although these



studies provide in-depth accounts of students experiences, they don’t provide a broad view of the
experiences of college students with ADHD, nor do they quantify their relationship to academic
success. Research investigating the academic success of students with ADHD has primarily been
quantitative and involved less than 500 participants with ADHD (e.g., DuPaul et al., 2021;
Gormley et al., 2019; Reaser et al., 2007). Furthermore, quantitative research has not jointly
explored the role of college experiences and academic success, as is done in this dissertation.

My dissertation research aims to investigate the role of college experiences in promoting
or hindering the academic success of college students with ADHD. | explore the role of college
experiences (classroom, curricular, and out-of-class) on the academic success of students with
ADHD using structural equation modeling (SEM). | employ longitudinal, multi-institutional data
(n = 45,915; Higher Education Research Institute, n.d.) from first-year college students, of whom
2,082 (4.5%) had been diagnosed with ADHD. This is the first study on college experiences
involving a large number of students with ADHD. Its implications broadly apply to higher
education administrators, staff, and instructors. They suggest academic success disparities exist
for students with ADHD; however, easing students’ adjustment to college academics attenuates
these disparities. Based on this, | recommend change within higher education, for instructional

practices and institutional policies, that focuses on academic adjustment.

1.3 Overview of Chapters

In Chapter 2, | describe my conceptual framework. In Chapter 3, | summarize the
literature focused on the college experiences and academic success of students with ADHD and
introduce my research questions. In Chapters 4 and 5, | detail the quantitative methods used to

answer my research questions, and in chapter five, | present my results. | close the dissertation



by discussing my findings and providing conclusions in Chapter 6 and 7, respectively. Details of

how I handled missing data are in the Appendix.



Chapter 2 Study Framework
My study is guided by the conceptual framework in Figure 1 (Carroll et al., 2021; Carroll

et al., 2022). This framework is based on Terenzini and Reason’s college impact model (2005),
which builds on the work of Astin (1993), Tinto (1993), and Pascarella (1985). The college
impact model posits that students’ precollege characteristics and experiences
(sociodemographic traits, academic preparation and performance, and student dispositions) are
related to their college experience (organizational context and individual student experience) and
educational outcomes (Terenzini & Reason, 2005).

This model is broad in scope: it considers students’ precollege experiences, captures
multiple domains of the individual student experience in college (classroom, curricular, and out-
of-class), and is designed to study many college outcomes (Terenzini & Reason, 2005).

Y ¢¢

Researchers have employed this college impact model to explore students’ “social and personal
competence” (Reason et al., 2007, p. 271), ethical development (Finelli et al., 2012), and first-
year STEM persistence (Dagley Falls, 2009).

| tailored Terenzini and Reason’s (2005) model to study the academic success of students
with ADHD by (1) adding neurodiversity to pre-college characteristics and experiences and (2)
defining model components particularly relevant for students with ADHD. For components of
the individual student experience (i.e., classroom, curricular, and out-of-class), | follow Reason
(2009) and consider findings of studies of the college experience of students with ADHD (e.g.,

Lefler et al., 2016; Perry & Franklin, 2006). For example, I include variables applicable to the

academic success of students with ADHD (e.g., time management and study skills; e.g., Fleming



& McMahon, 2012). Furthermore, | incorporate the strengths of students with ADHD (e.g.,
Taylor et al., 2020) by including creativity in addition to the more common academic success
metrics (e.g., grades; York et al., 2015).

In describing the conceptual framework components in this chapter, I include background
information pertaining to all students. The exceptions to this is for academic support and
academic success in which | briefly summarize findings pertaining to students with ADHD. For
the other framework components and academic success, | summarize background research on

students with ADHD in my review of the literature in Chapter 3.

2.1 Conceptual framework components

In this study’s framework, pre-college characteristics and experiences, directly and
indirectly, relate to college students’ academic success, as shown in Figure 1. Academic success
is mediated by the college experience consisting of the organizational context (institutional
characteristics and student-specific characteristics) and the individual student experience. Three
domains reside within the individual student experience: classroom (engagement and rapport),

curricular (academic adjustment and support), and out-of-class (sense of belonging) experiences.

2.1.1 Pre-college Characteristics and Experiences

This section of the model addresses students’ experiences before college that influence
their college trajectory (Reason, 2009). | include neurodiversity, sociodemographic traits, prior
academic preparation and performance, and student dispositions as components of pre-college

characteristics and experiences.



Figure 1. Conceptual framework, based on the model of Terenzini and Reason (2005) and Reason (2009), for studying the academic

success of college students with ADHD
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2.1.1.1 Neurodiversity.

The experiences of neurodivergent students, including students with ADHD, may differ
from their peers (e.g., Lefler et al., 2016). Furthermore, individuals with ADHD are more likely
than those without ADHD to have other neurological differences (anxiety disorder, autism
spectrum disorder, learning differences; Brown, 2013; Kessler et al., 2006). For example, adults
with ADHD have higher odds of having an anxiety (OR = 1.5-5.5) or mood (OR = 1.5-5.5)
disorder than adults without ADHD (Kessler et al., 2006). Additionally, many autistic children
have ADHD (Rommelse et al., 2010). I specifically include ADHD within neurodiversity in my
study’s framework to capture whether a student has ADHD because this likely influences their
college experiences.

2.1.1.2 Sociodemographic Traits.

Sociodemographic traits (e.g., sex, first-generation college, and underrepresented
racial/ethnic group) enable the study of group differences and tailored approaches for supporting
college students (Reason, 2009; Terenzini & Reason, 2005). Many researchers have studied
academic success and persistence for groups of students differentiated by these
sociodemographic traits (e.g., Bettencourt et al., 2020); the relationships are generally complex.
For example, Ackerman (2013) found that the interaction between gender and certain student
character traits (e.g., math/science self-confidence) correlated with persistence in science,
technology, engineering, and mathematics. Thus, I include the sociodemographic trait variables
typically included in retention models in this framework, specifically sex, first-generation

college, and underrepresented racial/ethnic group.



2.1.1.3 Academic Preparation and Performance.

Students’ academic preparation is a well-known predictor of students’ collegiate
academic success (Reason, 2009); and therefore, it is an essential component of my conceptual
framework. Students with higher pre-college standardized test scores, such as the SAT, and high
school grades are more likely to earn higher grades in college (e.g., Geiser & Santelices, 2007). |
include high school grades and standardized test scores as a measure of students’ academic
preparation and performance in this framework.

2.1.1.4 Student Dispositions.

In this framework, | focus student dispositions on non-cognitive factors. Non-cognitive
factors are “behaviors, skills, attitudes, and strategies that are crucial to academic performance in
their classes, but that may not be reflected in their scores on cognitive tests” (Farrington et al.,
2012, p. 4). These factors are distinct from students’ content knowledge and academic skills.
Recent theoretical perspectives (Farrington et al., 2012) and empirical studies (e.g., Bowman et
al., 2019) suggest non-cognitive factors play a role in academic engagement and, therefore,
college grades. | include one non-cognitive attribute as measure of student disposition:
resilience.

Resilience is “a relatively good outcome or functioning, despite experience with adverse
situations” (Haktanir et al., 2021) and is a critical factor in college outcomes (Bittmann, 2020;
Garcia-Martinez et al., 2022; Haktanir et al., 2021; Yaure et al., 2020). Garcia-Martinez and
coauthors (2022) found an indirect relationship between resilience and college grades and
hypothesized that students’ resilience led to more effort in their studies. Bowman and coauthors
(2019) found that non-cognitive factors of academic grit, self-discipline, time management, and

self-efficacy influenced students’ college grades and persistence. Most similar to resilience,

10



academic grit, defined as “perseverance and passion for long-term goals” (p. 138), was measured
using four items focused on “perseverance of effort,” such as “When I get a poor grade, I work

harder in that course” (p. 140).

2.1.2 Organizational Context

Organizational context comprises two types of characteristics: institutional and student-
specific. These organizational context variables serve as controls in my model because they are
not of primary interest in my study.

2.1.2.1 Institutional Characteristics.

I include only selectivity as an institutional characteristics in my framework. Selectivity
has a significant, positive relationship with persistence; students attending institutions that are
more selective in admissions are more likely to persist (Flynn, 2016; Reason, 2009). The
relationships between college outcomes and the other institutional variables (e.g., institutional
control and institutional type) are complex and difficult to decipher without a more thorough
institutional description, including student climate (Flynn, 2016; Reason, 2009).

2.1.2.2 Student-specific Characteristics.

I include financial concerns as the single student-specific characteristic in my study’s
framework because students experience the financial aspects of attending a given institution
differently based on their ability to finance their education. Study findings about the relationship
between financial aid and college persistence have varied (Stewart et al., 2015). The relationship
between finances and college is complicated; for example, studies have explored the association
between family contributions, institutional aid, and unmet need and retention (Olbrecht et al.,
2016). By using a measure of a student’s concern about financing their education, I account for

the variation that may be induced by its complexity in my statistical model.
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I considered Bowman and coauthors’ (2019) structural equation model to understand how
finances influence college success. In their model, financial means (measured with a three-item
scale; the example item provided was “to what degree are you confident that you can pay for
next term’s tuition and fees”; p. 141) influenced high school GPA, non-cognitive attributes, and
social adjustment in college. It also positively but indirectly influenced students’ college grades.
My study uses a similar simplified financial measure, whether a student has concerns about

financing their college education.

2.1.3 Classroom Experiences

Following Reason’s description of the college impact model (2009), I include student
engagement and classroom interactions as measures of students’ individual classroom
experiences. Both of these factors play a role in students’ academic outcomes (e.g., Casuso-
Holgado et al., 2013; Johnson, 2009).

2.1.3.1 Student Engagement.

Student engagement is a critical factor for the academic success of college students
(Astin, 1993; Tinto, 1993; Pascarella, 1985) - it strongly correlates with collegiate academic
outcomes (e.g., Casuso-Holgado et al., 2013). Student motivation influences and directs
academic-related student engagement behaviors, such as completing homework and studying for
exams (Morsink et al., 2022). For example, Casuso-Holgado and coauthors (2013) explored
academic engagement, defined as “students’ active participation and emotional commitment to
learning,” and found it positively correlated with grades.

Instructional methods that motivate students, such as active learning, contribute to their
engagement (Prince, 2004; Shin & Bolkan, 2021). For example, the positive impact of active

learning teaching methods - those that encourage student engagement with course content during
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class (Prince, 2004) and minimize passive listening and note-taking - on student engagement
(Lucke et al., 2017; Seymour & Hewitt, 1997) and academic outcomes (Chi & Wylie, 2014;
Freeman et al., 2014; Seymour & Hewitt, 1997; Theobald et al., 2020) for all students is evident.
For my study, | include student engagement in my framework.

2.1.3.2 Classroom Interactions.

Both instructors and students play a role in creating classroom environments (Johnson,
2009), and I include both instructor-student interaction and student-student rapport in my
model. Students’ interactions in the classroom, either with their instructor or peers, reflect their
classroom environment and potentially contribute to or hinder student learning outcomes (Frisby
& Martin, 2010, p. 155). Researchers have explored the relationship between instructor-student
interactions and student-student rapport and academic outcomes (e.g., Frisby & Martin, 2010).

Students’ interaction with their instructors and the rapport they develop is a salient factor
in the classroom experiences of college students. It contributes to student motivation (e.g.,
Estepp & Roberts, 2015; Frisby et al., 2017) and academic outcomes (e.g., Frisby et al., 2017;
Lammers et al., 2017; Wilson & Ryan, 2013). In one study, Frisby and Martin (2010) asked
undergraduate students to complete an instrument measuring instructor-student rapport with
items on interaction and connection with their instructor, classroom connectedness, and affective
and cognitive learning. They found that instructor-student interactions positively correlated with
students’ affective learning (attitudes or emotions toward the course) and students’ perceptions
of their cognitive (course content) learning. To explain the relationship between instructor-
student rapport and cognitive learning, Frisby and Housley Gaffney (2015) hypothesized that
“students who perceive positive rapport engage in behaviors that enhance cognitive learning” (p.

341).
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Similarly, in a second study, Frisby and coauthors (2017) studied undergraduate students
rapport with their instructors. They found that instructor-student rapport positively correlated
with students’ state motivation (inherent interest) and perceptions of learning. In a third study,
instructor-student rapport predicted course grades of undergraduate students in psychology and
psychological statistics courses (Lammers et al., 2017). Instructor-student rapport within the first
few weeks of the course predicted 18% of the variance in their course grade. Students reporting
declines in instructor-student rapport as the semester progressed earned lower course grades on
average than students who reported no changes or improvements in rapport. For my conceptual
framework, I include instructor-student interaction because of the prior research demonstrating
that it is associated with academic achievement and student learning.

The role of student-student rapport in academic outcomes is studied less often than
instructor-student rapport. Although student-student rapport contributes to the classroom
environment, its impact on academic success is not well understood. Frisby and Martin (2010)
found that students’ cognitive learning and affect toward the course material positively related to
how connected students felt to their class. However, they did not find a statistically significant
relationship between student-student rapport and students’ affective or cognitive learning.
LaBelle and Johnson (2018) explored college student-student confirmation (communicating
recognition, endorsement, and acknowledgment of others’ value) and found it positively
correlated with student motivation and student’s perception of their learning. Accordingly, I

include student-student rapport in my model.

2.1.4 Curricular Experiences

Curricular experiences are another component of students’ college experiences and

encompass academic adjustment and co-curricular involvement (Reason, 2009). For this
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research, | do not include co-curricular involvement in curricular experiences because it also
relates to students’ sense of belonging (Winstone et al., 2022) and is likely captured in the sense
of belonging measure in out-of-class experiences. | include academic adjustment and academic
support in my framework.

2.1.4.1 Academic Adjustment.

Academic adjustment to college involves students developing academic skills, such as
organization, study skills, and time management, which are instrumental to their academic
success (e.g., van Rooij et al., 2017). Other researchers have used academic adjustment latent
variables in their models. Van Rooij and coauthors (2017) measured academic adjustment using
the 24-item academic adjustment subscale of the Student Adaptation to College Questionnaire
(SACQ); Baker & Siryk, 1989) to study three first-year collegiate academic success measures:
GPA, credits earned, and intent to persist. They investigated motivational (intrinsic motivation,
academic self-efficacy, and degree program satisfaction) and behavioral (time management,
study skills, and ability to manage distractions) factors, finding that study behaviors, intrinsic
motivation, and satisfaction with their degree program predicted academic adjustment, and
academic adjustment predicted credits earned and GPA (van Rooij et al., 2017).

In another study, Bowman and coauthors (2019) used a non-cognitive attributes latent
variable similar to academic adjustment and explained by academic grit, time management, self-
discipline, and self-efficacy. They modeled the relationship between college GPA and second-
year retention and found that non-cognitive attributes (academic grit, time management, self-
discipline, and self-efficacy) directly related to social adjustment, college GPA, and second-year

retention. Collier and coauthors (2020) confirmed the Bowman model structure, including the
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relationship between non-cognitive attributes and college GPA, with data from first-year students
from a midwestern university.

Bowman and coauthors’ (2019) model differs from Terenzini and Reason’s (2005)
college impact model and my study’s conceptual framework in the role of non-cognitive
attributes (or academic adjustment). The Bowman model suggests that these non-cognitive
attributes (i.e., academic adjustment) influence students’ college experience, specifically their
social adjustment (social integration and peer connection). In the Bowman model, college
experiences (i.e., social adjustment) mediate the relationship between non-cognitive attributes
and the academic outcomes of college GPA and retention. In contrast, my conceptual framework
suggests academic adjustment (curricular experience) is influenced by students’ classroom and
out-of-class experiences. College experiences (of which academic adjustment is a part) mediate
the relationship between pre-college characteristics and experiences and academic success. In the
van Rooij model, there is a path directly from academic adjustment to GPA but no indirect paths
between academic adjustment and GPA.

2.1.4.2 Academic Support.

Academic support programs (e.g., first-year seminars; Perry & Franklin, 2006) and
services offered by the offices of disability services (e.g., academic coaching; Prevatt & Lee,
2009; Prevatt, 2016) foster academic success of students with ADHD. These programs benefit
students’ development of academic skills, such as time management, study, and note-taking
skills (Reason, 2009). DuPaul and coauthors (2021) found increases in students’ GPAs with time
in college with participation in academic services for students who have ADHD but do not take
medication for their ADHD. This outcome differed, however, for college students taking

medication for their ADHD; their GPA decreased with time in college (DuPaul et al., 2021). |
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include disability services and academic support programs as measures of academic support in

my model.

2.1.5 Out-of-Class Experiences

Out-of-class experiences in Terezini and Reason’s (2005, 2009) model incorporates
social integration, a concept that includes students’ interactions with their collegiate peers and
instructors (Tinto, 1993). Social integration is an integral contributor to students’ decisions to
remain in college (Tinto, 1993) and their sense of belonging in college (Strayhorn, 2012). In my
framework, | use sense of belonging within out-of-class experiences in my study framework.

2.1.5.1 Sense of Belonging.

Sense of belonging is defined as feeling an important, connected, and valued part of a
group, such as a college community (Strayhorn, 2012). Feelings of belongingness are linked to
academic success (persistence and grades; Strayhorn, 2012). For example, Hausman and
coauthors (2007) found that students’ sense of belonging correlated with their intent to persist.
They measured students’ sense of belonging with a three-item scale (Bollen & Hoyle, 1990) with
items focused on belonging, feeling a part of the community, and satisfaction at their institution.
Sense of belonging is particularly important for marginalized students (Strayhorn, 2012), such as
students with ADHD, and they are less likely to have a sense of belonging in college (Rainey et
al., 2018). In the academic classroom, Rainey and coauthors (2018) found that “interpersonal
relationships, perceived competence, personal interest, and science identity” are contributors to

students’ sense of belonging (p. 1).

2.1.6 Academic Success
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| include two academic success metrics for outcomes in my framework: college grades
(as a measure of academic achievement) and creativity. College grades are a more traditional
measure of academic success than creativity (York et al., 2015).

2.1.6.1 Academic Achievement.

College grades often serve as a measure of academic success (York et al., 2015). Many
studies find college students with ADHD earn lower grades on average than their peers without
ADHD (Advokat et al., 2011; Blase et al., 2009; DuPaul et al., 2009; DuPaul et al., 2021; Frazier
et al., 2007; Gormley et al., 2019). Researchers have attributed their lower grades to difficulties
with executive functioning (DuPaul et al., 2009; Weyandt et al., 2013). Selected studies are
summarized in the Literature Review section. In my framework, I include college grades as an
academic achievement outcome.

2.1.6.2 Creativity.

The process of creating involves both divergent (i.e., idea generation) and convergent
(selection of ideas) thinking (Kupers et al., 2018). Researchers have recognized the higher levels
of divergent thinking in individuals with ADHD and its connection to creativity (e.g., White &
Shah, 2011, 2016; Taylor et al., 2016). I include creativity as a second academic success
outcome because enhanced creative and divergent thinking is a known strength of many college
students with ADHD (Taylor et al., 2020; White & Shah, 2011; White & Shah, 2016). My
motivation for this stems from a recent study (Taylor et al., 2020) that suggests creativity is not
reflected in engineering grades. Engineering college students with ADHD scored higher on
average than their peers without ADHD on the Torrance Tests of Creative Thinking (a measure
of divergent thinking), yet, these higher scores were not associated with higher overall or

engineering GPAs. Taylor and coauthors (2020) suggest that the limited emphasis on creative
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and divergent thinking in engineering education may negatively impact the engineering
persistence of creative students (a group of students that may be more likely to include students
with ADHD). However, creativity is a sought-after characteristic as students enter their future
careers in engineering (e.g., Taylor et al., 2020) and is likely a beneficial attribute for students
pursuing other disciplines as well. It is, therefore, an important academic outcome. Therefore, |
include creativity as a measure of academic success in my project framework.

Wu and coauthors (2020) describe a creativity framework based on the 4P creativity
model that integrates person (innate characteristics and neurological differences), process
(cognitive processes in creating), place (environment), and product (creative result). Research
studies have focused on traits of the person, such as gender, personality traits, and motivation,
and the place or environment, such as social interaction. Other studies have focused on the
process, which includes general creative thinking (Wu et al., 2020). The 4P creativity framework
aligns well with Terenzini and Reason’s (2005) college impact models’ pre-college
characteristics and environment (person) and college experience or environment (place) and an

outcome.

2.1.7 Summary

My conceptual framework is based on Terenzini and Reason’s college impact model
(2005). It posits that pre-college characteristics and experiences influence students’ academic
success in college both directly and indirectly through their college experience. | follow Reason
(2009) in including various model components. In pre-college characteristics and experiences, |
include neurodiversity, sociodemographic traits, academic preparation and performance, and
student dispositions. In organizational context, | include institutional and student-specific

characteristics. Within the individual student experience, | include student engagement and
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classroom interactions in classroom experiences, academic adjustment and academic support in
curricular experiences, and sense of belonging in out-of-class experiences. For academic success

outcomes, I include academic achievement (college grades) and creativity.
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Chapter 3 Literature Review

This literature review provides a picture of the current status of college students with
attention deficit hyperactivity disorder (ADHD). In this chapter, | briefly introduce ADHD and
review the literature related to the college experiences of students with ADHD. Although |
present common strengths of students with ADHD, much of the literature addresses deficits and
these students’ collegiate challenges, and this is reflected throughout this section.

In terms of presentation, first, | briefly introduce disability models and then describe
ADHD and the concept of neurodiversity. Next, | focus on what is known about college students
with ADHD, their strengths and challenges, and the inequalities they experience in higher
education. Afterward, | summarize the literature on the relationships between pre-college factors
and the academic success of students with ADHD and then the college experiences (classroom,
curricular, and out-of-class) and the academic success (e.g., grades) of students with ADHD.

Lastly, | present the research questions that guide this study.

3.1 Disability Models

Disability models are used by practitioners and researchers and provide a lens for
viewing disability (Disabled World, 2022). I introduce these models to familiarize the reader
with the differences in the framing of empirical studies found in the literature and the usage of
language related to disability. I will focus on two specific disability models, the medical and
social models (Goodley, 2011), because they are particularly relevant to my study. The medical
and social models of disability provide contrasting viewpoints of disability, such as ADHD and

autism, as a deficit that requires treatment versus a difference, respectively (Disabled World,
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2022). Understanding the differing viewpoints of the medical and social models helps explain the
variation in language used to describe previous research. Throughout the literature review, I
present background information using the lens of its source (note that in many cases, | infer the
model used based on the language applied).

The medical model places disability at the individual level and focuses on deficits,
symptoms, and treatments of those with disabilities (Goodley, 2011). From the medical model
perspective, ADHD is a neurodevelopmental disorder that manifests as difficulty with executive
function (Brown, 2009). The medical model views neurological differences of individuals with
ADHD as deficits that need changing through treatment (Goodley, 2011). A strength of the
medical model is that it provides a label that enables students with ADHD to receive medical
treatment and request academic accommodations (Goodley, 2011). For example, students with
ADHD may receive accommodations for additional time on examinations and lecture notes
(Quinn, 2022).

The social model of disability differs from the more familiar medical model because it
views disability as originating from societal barriers (Australian Federation of Disability
Organisations, n.d.; Dwyer, 2022; Goodley, 2011). From the perspective of the social model of
disability, ADHD is a neurological difference, and environmental barriers disable individuals
with ADHD. These disabling barriers include attitudinal, environmental, institutional, and
communication barriers (Australian Federation of Disability Organisations, n.d.). Proponents of
this model recommend creating an environment without systematic and physical barriers to
provide opportunities to everyone (Goodley, 2011). For example, a classroom designed without
systematic barriers for students with ADHD would normalize frequent opportunities for

movement, short-duration lectures, and opportunities for hands-on learning (e.g., Lefler et al.,
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2016). In contrast, a classroom in which students’ typical experience is prolonged periods of
sitting combined with passive listening to lectures provides systematic barriers for students with
ADHD.

The lens through which disability is viewed is often reflected in language usage, and |
follow the referenced studies’ language usage in summarizing the literature. For example, the
language of “diagnosis” is consistent with the medical model, and “difference” is more
frequently used with the social model. In this literature review, the discussion of ADHD and the
executive function challenges experienced by individuals with ADHD is primarily from the
medical model lens; the strengths of college students with ADHD are often presented from the

social model viewpoint, and the lenses for college experiences vary.

3.2 Attention Deficit Hyperactivity Disorder

Approximately 9.8% of children and 2.5 to 4.0% of adults in the U.S. have ADHD
(ADDitude editors, 2022). Disparities in diagnoses exist for U.S. children across country regions,
gender, parental income and education levels, race/ethnicity, and community type (e.g., urban,
suburban, rural). Furthermore, the number of adults diagnosed with ADHD increased
dramatically in recent years, although there is evidence that it is still underdiagnosed among
adults (ADDitude editors, 2022). Chung and coauthors (2019) found that the percentage of adults
in their study diagnosed with ADHD doubled from 2007 (0.43%) to 2016 (0.96%) and attributed
this to an increase in knowledge about ADHD among adults.

The following subsections provide a brief introduction to ADHD. The first two
subsections use the medical model to introduce executive function and the Brown model (2009)

of ADHD. Executive functions play a fundamental role in education, and the executive function
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challenges described in Brown’s model provide a basis for later illustrating the challenges

experienced by college students with ADHD. The third subsection introduces neurodiversity.

3.2.1 Executive Function

Executive function is the “air traffic control” system of our brain (Center on the
Developing Child at Harvard University, 2011, p.1), and its core functions are inhibition,
working memory, and cognitive flexibility (Diamond, 2013). Inhibition enables us to control
impulses, working memory allows us to “hold and manipulate information in our head over short
periods,” and cognitive flexibility enables us to change directions when situationally-required
(Center on the Developing Child at Harvard University, 2011, p. 2). These functions are the basis
of higher-order executive functions such as reasoning, problem-solving, and planning (Diamond,
2013). Individuals with ADHD experience varying degrees of executive function challenges
(e.g., sustaining focus and self-regulation), which can make certain aspects of life, such as
school, more challenging (ADDitude editors, 2023). The severity of ADHD symptoms varies
and influences how ADHD impacts one’s life. In transitioning to college, the requirements for

students to rely upon these higher-order executive functions increase (Ahrens et al., 2019).

3.2.2 The Brown Model

Brown (2009) defines ADHD as an executive function impairment involving six
categories of executive functions: activation, focus, effort, emotion, memory, and action. These
are shown schematically in Figure 2. Brown’s model describes the challenges frequently
experienced by people with ADHD as difficulty with (1) initiating, organizing, and prioritizing
tasks; (2) sustaining and shifting focus; (3) sustaining and regulating effort until task completion;

(4) regulating emotions; (5) working memory or the short-term recall necessary for learning; and
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(6) regulating actions. These executive-function challenges are context-dependent; individuals
find certain situations more challenging than others (Brown, 2009). For example, two college
courses on the same instructional material may present vastly different difficulty levels because
of the context in which the material is taught and assessed. In one course, the material might be
presented in one-hour blocks, lecture notes might not be provided, and tests might be timed
written exams. In the other course, active learning might be used multiple times in class, class
sessions might be recorded, and the recordings might be provided to students along with lecture
notes. Students might have the test time they need and be able to show their understanding in
various ways. The different contexts in which students experience the course contributes to their

difficulty with the course material.

Figure 2. Brown’s (2009) model of ADHD
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3.2.3 Neurodiversity

The term neurodiversity acknowledges that all people’s brains are different, resulting in
strengths and challenges (Cleveland Clinic, n.d.; Disabled World, 2022). Neurodiversity
emphasizes strengths associated with neurological differences and views such differences as a
part of a person’s identity. Two additional terms are associated with neurodiversity:

neurodivergent and neurotypical. Neurodivergent individuals include people with ADHD and
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many others whose brains work differently (e.g., autism, dyslexia, dysgraphia, and dyspraxia;
Cleveland Clinic, n.d.). A neurotypical person is not neurodivergent (Disabled World, 2022).
Substantial controversy surrounds the neurodiversity concept and the social and medical
models of disability (Dwyer, 2022). The medical model’s deficit focus contrasts neurodiversity,
or the idea that diverse brains are a part of someone’s identity and are associated with strengths
(Disabled World, 2022). Neurodiversity and the social model of disability are similar in that
neither aligns with the medical model of disability (Dwyer, 2022). However, Dwyer (2022) notes
that the concept of neurodiversity is “evolving” and recommends that neurodiversity take a
“middle ground” approach between the medical and social models (p. 75). Neurodiversity’s
framing of differences, inclusion, and strengths instead of deficits offers advantages for students
in the college environment (Independent Educational Consultants Association, 2022).
Furthermore, the social model of disability may be a particularly well-suited lens for the college
environment because of its emphasis on changes to the environment to provide equitable and
inclusive spaces. The strengths and challenges of college students with ADHD are the focus of

the next section.

3.3 College Students with ADHD

Many students with ADHD pursue higher education (Green & Rabine, 2012), accounting
for approximately 6.5% of incoming first-year college students at baccalaureate institutions
(Eagan et al., 2017). Although we know that 63% of students with disabilities do not register as
such with their institutions (National Center for Education Statistics, 2022), the percentage of
students with ADHD who do not register with their institutions is unknown. We do know,
however, that students with ADHD account for approximately 25% of students with disabilities

registered with their institution (Weyandt et al., 2013). The following subsections highlight the
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strengths of individuals with ADHD and describe their challenges in college. The last subsection

illuminates disparities in higher education for neurodivergent students.

3.3.1 Strengths

College students with ADHD commonly share many positive attributes that are
advantageous for their future careers. For example, college students with ADHD exhibit
enhanced levels of creativity (White & Shah, 2011) and divergent thinking (White & Shah,
2016) compared to their peers without ADHD. These characteristics lead to unique problem-
solving approaches and drive innovation within science and engineering (Hain et al., 2018;
Powell, 2015). Greater resiliency, defined as adaptability under challenging circumstances, is
also hypothesized as more likely for college students with ADHD relative to their peers without
ADHD (Wilmshurst et al., 2011). Furthermore, adults with ADHD commonly identify high
energy levels, courage, and the ability to hyper-focus when engaging in high-interest activities

and tasks as strengths (Delisle & Braun, 2011; Mahdi et al., 2017; Sedwig et al., 2019).

3.3.2 Challenges

College students with ADHD have differences in executive functioning that make self-
regulation, attentional control, and impulse control more challenging (Barkley, 2002;
Wasserstein, 2005). They may struggle with organization, procrastination, and time management
(Resnick, 2005). Likely related to these challenges (DuPaul et al., 2009), these students
experience less academic success (as traditionally measured by grades) on average compared to
students without ADHD (e.g., Blase et al., 2009; DuPaul et al., 2009; Fleming & McMahon,
2012; Frazier et al., 2007). The following section discusses challenges related to students’

college experiences.
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3.3.3 Inequalities in Higher Education

A growing awareness of the plight of neurodivergent college students, including students
with ADHD, is evident at higher education institutions (e.g., University of California Office of
the President, 2020) and in research (e.g., Hain et al., 2018). Despite this awareness, garnering a
clear picture of neurodivergent students or students with ADHD within the higher education
landscape remains difficult. Many studies and surveys aggregate data — they group students with
disabilities into a single category or aggregated disability categories, such as specific learning
disabilities or cognitive disabilities (e.g., National Center for Education Statistics, 2018).
However, the experiences of students with ADHD, their trajectories through college, and the
difficulties they encounter differ from other neurodivergent students. Therefore, the opportunity
to gain a more in-depth understanding of specific groups of students, such as students with
ADHD, is lost.

Furthermore, higher education institutions lack a comprehensive picture of the
experiences and academic success of students with ADHD, even within their institutions. Often
institutional data resides in different offices and is incomplete (because most students with
disabilities do not register with their institution). Qualitative research has primarily focused on
the experiences of students with ADHD as opposed to their academic outcomes (e.g., Perry &
Franklin, 2006; Lefler et al., 2016), and quantitative studies of academic outcomes are limited
(DuPaul, 2021).

A recent University of California (UC) report includes the results of a 2018
Undergraduate Experience Survey on the academic outcomes of neurodivergent college students
(University of California Office of the President, 2020). Students from multiple UC campuses

completed the survey, which included four-year graduation rates. The survey collected partially
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disaggregated disability data — neurodivergent students fall into one of two groups, students with
a learning disability (examples of speech disorder or dyslexia) and students with a cognitive
disability (examples of autism, ADHD, and brain injury). Participating students with a learning
or cognitive disability had an expected four-year graduation rate of 58%. In contrast,
participating students without a learning or cognitive disability had an expected four-year
graduation rate of 79% (University of California Office of the President, 2020). These
achievement disparities motivate change in higher education, such as adopting equitable

classroom practices and institutional policies.

3.4 Pre-college Factors of Students with ADHD

Two recent studies have begun to explore the relationships between sociodemographic
traits and the academic success of students with ADHD to understand if the relationships differ
from those of students without ADHD. A longitudinal study (DuPaul et al., 2021) explored these
relationships for sex, race/ethnicity, parent education, high school 504 (a formal document
outlining school supports for a K-12 student with a disability; Understood, n.d.), and high school
IEP (individualized education plan; a formal document with a learning plan and identified
services for a K-12 student with a disability; Understood, n.d.) with grades. DuPaul and
coauthors (2021) separated college students with ADHD into two groups based on whether they
took medication for ADHD (n = 94-99) or not (n = 96-105) and students without ADHD
comprised the third group. They found higher levels of parental education positively associated
with first-semester GPA for students with and without ADHD. Having an IEP in high school was
negatively associated with first-semester GPA for students with ADHD who were not taking
medication for their ADHD. Sex, race/ethnicity, and having a 504 plan in high school variables

were not statistically significant for any of the three student groups. This study did not include a
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measure of pre-college academic preparation and only included college experience variables
from the Learning and Study Strategies Inventory (LASSI) or that measured behaviors related to
executive functions.

In another study, Koch and coauthors (2018) modeled the college persistence of students
with disabilities, including students with ADHD as well as those with learning and psychological
disorders and depression. In their model, they included sociodemographic traits (gender, race,
family income, and first-generation student), full- or part-time/mixed college student status,
living arrangements (e.g., off-campus), and academic (peer and faculty/staff contact) and social
integration (co-curricular participation) in college. For first-year persistence, they found that
male students (OR = 1.26, 95% CI: 1.10, 1.46) from low-income families (OR = 1.29, 95% CI:
1.08, 1.56) and first-generation college students (OR =1.63, 95% CI: 1.40, 1.90) had a higher
likelihood of not persisting through their first year of college. However, in this multivariate
regression model, Koch and coauthors (2018) aggregated students with disabilities, and
therefore, the unique experiences of students with ADHD are unknown.

Few studies have investigated the relationship between students’ pre-college academic
preparation and performance and academic success for students with ADHD. However, research
from a recent study (Gormely et al., 2019) suggested a potential difference in the relationship
between high school GPA and first-year college GPA for students with and without ADHD.
They did not include pre-college standardized test scores in their model and found that although
high school GPA was statistically significant in predicting first-year college GPA for students
without ADHD (n = 121), it was not statistically significant for students with ADHD (n = 99). It

is unclear whether this finding indicates an actual relationship difference; the lack of evidence of
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a statistical difference may be due to the model’s low statistical power resulting from a small

sample size.

3.5 College Experience of Students with ADHD

College can be challenging for students with ADHD despite their many strengths (e.g.,
Fleming & McMahon, 2012; Perry & Franklin, 2006; Prevatt, 2016). In the past ten years,
researchers have begun to address the research gap (DuPaul et al., 2009) regarding the college
experience of students with ADHD. More recent studies (e.g., Lefler et al., 2016) illuminate
supportive and challenging aspects of the college experience faced by college students with
ADHD that likely affect students’ academic and career success.

In this section, | organized my literature review of the college experiences of students
with ADHD in a manner consistent with Terenzini and Reason’s (2005) college impact model —
classroom, curricular, and out-of-class experiences. | summarize the literature related to the
classroom (student motivation and engagement and classroom interaction), curricular (academic
adjustment and academic support), and out-of-class (sense of belonging) experiences of students

with ADHD.
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3.5.1 Classroom Experiences

Students’ classroom experiences focuses on students’ in-class learning opportunities
(Reason, 2009). | emphasize students’ motivation and engagement in the classroom and their
interactions with both the instructor and other students.

3.5.1.1 Student Engagement.

Academic outcomes are strongly tied to student engagement in the classroom. Students
with ADHD may, more often than their peers without ADHD, exhibit behaviors inconsistent
with academic engagement. DuPaul and coauthors (2017) examined the academic engagement of
more than 5,000 incoming first-year college students with ADHD. Students with ADHD more
frequently exhibited, in the past year, behaviors associated with academic disengagement, such
as completing homework late or missing class, than their peers without ADHD (DuPaul et al.,
2017). However, the students participating in this study primarily reported on their year before
college, which may differ from their behaviors in college.

Behaviors typically associated with student disengagement, such as completing
homework late, are not the same as students’ lack of interest. Instead, such behavior may relate
more strongly to motivation (Morsink et al., 2022) or academic adjustment for students with
ADHD. Motivation is “a concept that is used to explain behavior, and it generally refers to that
what moves us to act, what causes goal-directed behavior” (Morsink et al., 2022, p. 1139). For
students with ADHD, motivation is a pivotal precursor to student engagement and academic
success (Brown, 2013; Morsink et al., 2022; Perry & Franklin, 2006; Prevatt et al., 2017).
Students with ADHD find low motivation contributes to lower-than-possible grades. Students
with ADHD in introductory physics courses shared that their grades did not reflect what they

could have achieved and attributed their lower grades to low motivation (James et al., 2020).
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Traditional instructional pedagogy (i.e., lectures) may not align well with the learning
needs or preferences of students with ADHD (Lefler et al., 2016). In contrast, active instructional
pedagogies motivate by shifting from passive tasks, such as note-taking and listening to lectures,
to engaging students in their learning during class (Powell, 2015; Lefler et al., 2016). Students
with ADHD often exhibit an intrinsic motivation to complete high-interest, novel tasks (Prevatt
et al., 2017). Highly motivating and “hands on” environments (e.g., those featuring “active”
learning or learning by doing) are often preferred by adults with ADHD (Lasky et al., 2016).
Although the benefits of active learning for students with ADHD have not yet been specifically
studied, students with ADHD participating in Lefler and coauthors’ (2016) study found that “any
method of breaking up a lecture with discussion, hands-on activities, or videos was extremely
helpful” (p. 88). James and coauthors (2020) also recommend instructors provide opportunities
to learn actively, such as “student-centered problem solving,” and share the relevancy of the
course material (p. 193).

3.5.1.2 Classroom Interactions.

Interactions with faculty and peers or social integration have long been recognized as a
salient factor in students’ college outcomes (Tinto, 1993). These interactions, particularly with
instructors and peers in group assignments, can negatively affect coursework and learning for
students with ADHD (e.g., James et al., 2020). Inaccurate perceptions (e.g., “laziness”) of
ADHD potentially influence students’ interactions with instructors and other students in their
classes (Sedgwick-Muller et al., 2022, p. 13). In contrast to these inaccurate perceptions, experts

from the United Kingdom shared, “Instead, they [students with ADHD] tend to work
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exceptionally hard to overcome their deficits associated with ADHD and still experience
academic outcomes that fall below that expected from their general intellectual ability” (p. 14).

Instructor-student interactions and student-student rapport have a considerable impact on
the classroom experiences of college students with ADHD. Positive interactions and supportive
dialogue with instructors contribute to the academic success and self-confidence of college
students with ADHD (Alsopp et al., 2005; Perry & Franklin, 2006). Yet, students with ADHD
receive varying levels of support from their instructors, particularly regarding formal
accommodations (Alsopp et al., 2005; Perry & Franklin, 2006). Students with ADHD, who have
registered with the disability services office at their institution, may receive formal
accommodations (e.g., Quinn, 2022), sometimes provided to their instructors in the form of an
accommodation letter. In interviews, students shared uncomfortable interactions with instructors
regarding their accommodations letter “ranging from negative verbal feedback from a professor
to a student perception of body language that communicated disapproval” (Perry & Franklin,
2006, p. 104). Students shared the importance and impact of instructors’ reactions to their
accommodations letter and the damaging effect of recurring negative interactions on their self-
confidence (Perry & Franklin, 2006). They also shared that they experienced more supportive
interactions and classroom environments with instructors who were more knowledgeable about
ADHD (Perry & Franklin, 2006).

Instructors’ perceptions of students with ADHD and their opinions on flexible classroom
practices may contribute to negative interactions, although there are few research studies on
instructors’ perceptions. One study (Vance & Weyandt, 2008) found that 25.7% of professors
agreed with the statement “Faculty should not accept alternative assignments or provide copies

of lecture notes to students with ADHD,” and 29.6% of professors agreed with the statement “A
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student with ADHD is more stressful to teach than a non-ADHD student” (p. 306). Hopefully,
these percentages no longer reflect faculty perceptions, but a link between these perceptions and
negative student-instructor interactions would not be surprising.

Students with ADHD may also experience negative classroom interactions with other
students. Thompson and Lefler (2016) studied students’ perceptions of the likelihood of success
in completing an academic task when working with a fictitious partner. One of the fictional
partners was described as having ADHD. Another fictional partner was described using
behaviors commonly associated with ADHD with the following behavioral description, “I have a
difficult time paying attention in class, I’m really disorganized, and I’'m easily distracted” (p. 48).
Students rated anticipated behaviors, such as equal workload division, finishing the project on
time, and even the creativity of their fictional partner more negatively than a control or the
partner described as having ADHD but without the behavioral description. Similarly, another
study (Canu et al., 2007) found undergraduate students forming groups for a project were less
likely to choose to work with a student whose profile described them as a student with ADHD
compared to a student whose profile described them as having a medical problem or an

“ambiguous weakness (e.g., perfectionist)” (p. 702).

3.5.2 Curricular Experiences

In curricular experiences, | focus on academic adjustment because many students with
ADHD do not have well-developed study, organizational, time management, and note-taking
skills (e.g., Advokat et al., 2011; Fleming & McMahon, 2012; Lefler et al., 2016; Reaser et al.,
2007) and find homework, studying, test-taking, and writing assignments more time-consuming

(Lefler et al., 2016; Perry & Franklin, 2017). | also address academic support because of its
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relationship to developing academic skills such as study skills and time management (DuPaul et
al., 2017, 2021).

3.5.2.1 Academic Adjustment.

Executive functioning is generally predictive of academic adjustment in college students
(Sheehan & larocci, 2019). The additional academic demands students experience in college
require skills related to higher-order executive functions, such as planning, organization, time
management, and note-taking (Diamond, 2013). Incoming college students have a diverse set of
skills and experiences on which to build when adjusting to college academics, and many
researchers have focused on the academic adjustment of college students with ADHD (e.g.,
Reaser et al., 2007). Quantitative studies used established surveys to quantify skill differences
between the two populations, whereas qualitative studies arrived at similar conclusions from
focus groups and interviews with students with ADHD. They generally identify the executive
function components of collegiate academic adjustment (e.g., study skills, time management, and
organization) as less developed for students with ADHD compared to their peers without ADHD.

Two instruments — the Learning and Study Strategies Inventory (LASSI; Weinstein &
Palmer, 2002) and the College Readiness Scale (CRS; Maitland & Quinn, 2011) — have been
used to compare undergraduate students with and without ADHD. Using the LASSI, students
with ADHD scored lower on the Anxiety, Motivation, Concentration, Information Processing,
Test Strategies, and Time Management subscales than their peers without ADHD (or a learning
disability; Reaser et al., 2007). Reaser and coauthors (2007) noted that while these subscales
typically predict college grades, this relationship did not hold for students with ADHD.

Using the CRS, which includes 15 items on academic skills, study skills, and time

management, undergraduate students with ADHD scored statistically significantly lower than
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their peers without ADHD on the study skills (e.g., note-taking, preparing for tests, and writing
papers) and time management (e.g., scheduling) components (Canu et al., 2021). The first-year
undergraduate students with ADHD had difficulty completing their daily and long-term
assignments. For all students, Canu and coauthors (2021) noted a strong correlation between
high school GPA and college grades, and they suggested that high school GPA may predict
students’ time management and study skills. They further indicated that a lower high school
GPA may reflect that a student did not develop, in high school, the necessary study and time
management skills for college (Canu et al., 2021).

Many qualitative studies suggest that deficits in time management and study skills
contribute to the lower academic performance of college students with ADHD. For example,
Kwon and coauthors (2018) conducted in-depth interviews with college students with ADHD.
They found a theme of unsatisfactory academic performance and achievement, which students
attributed to low motivation and procrastination in completing assignments and studying for
exams. The participating students preferred courses of interest and had more difficulty
completing courses of little interest to them. In another study, Meaux and coauthors (2009)
identified “poor time management and organization skills, difficulty staying focused, failure to
complete work on time, poor motivation, poor reading and study skills” as barriers to academic
success (p. 251). A third study explored differences in note-taking for students with and without
ADHD. Vekaria and Peverly (2018) had students take lecture notes and then gave them 10
minutes to review their notes before writing a summary (without using their notes). They found
that participating students with ADHD had more difficulty creating a written summary of the
lecture material and slower handwriting speeds but did not identify a difference in the quality of

notes between the two student groups (Vekaria & Peverly, 2018). This summary of the more
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recent literature is consistent with earlier findings of an extensive literature review focused on
college students with ADHD (DuPaul et al., 2009):

The reasons for their [college students with ADHD] poorer performance are unclear but

preliminary findings suggest inadequate academic coping strategies, poor organizational

and study skills, time management difficulties, and cognitive impairments such as
inattention, intrusive thoughts, and internal restlessness may all have influencing effects.

(p. 246)

3.5.2.2 Academic Support.

Academic support services, such as academic coaching or skill development, promote
positive academic outcomes for students with ADHD when tailored to students’ individual needs
(DuPaul et al., 2017). The programs or services that are particularly beneficial for students with
ADHD are those that improve their study, time management, organizational, and note-taking
skills (DuPaul et al., 2017). In a study by Perry and Franklin (2006), graduating college students
with ADHD noted accommaodations such as note-taking and extended testing time as
contributing factors to their academic success. Students’ opinions about effective support and
services vary, suggesting a need for individually-tailored support (e.g., course-specific learning
strategies through individualized instruction v. generalized support; Perry & Franklin, 2006). The
beneficial nature of academic support programs for students with ADHD for college grades and
persistence is not understood because studies have provided mixed results; however, skill-

specific instruction is helpful (DuPaul et al., 2021).

3.5.3 Out-of-Class Experiences

Students have a broad range of experiences outside of class (e.g., interacting with friends

and engaging in co-curricular activities) unrelated to the curricular aspects of college; such
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experiences are captured in out-of-class experiences (Reason, 2009). Students’ finding a “sense
of place” or belonging in college is associated with college persistence (Reason, 2009, p. 670).
The social experiences, such as experiencing stigma, and feelings of belongingness of students
with ADHD have received little research focus compared to academic success outcomes, such as
grades (McKee, 2017). However, Khalis and coauthors (2018) found that college students with
ADHD are less likely to develop an attachment to their university than their peers without
ADHD. This attachment or sense of belonging is positively associated with college grades.
Studies also suggest college students with ADHD express greater concerns about their social
relationships and skills (e.g., resolving conflict) than their peers (Blase et al., 2009; Canu &
Carlson, 2007; Canu et al., 2008; McKee, 2014; Shaw-Zirt et al., 2005).

3.5.3.1 Sense of Belonging.

Belongingness is a critical aspect of the college experience of students with ADHD and
positively associated with college grades and persistence. Khalis and coauthors (2018) found that
in transitioning to college, students transferred their dependence from parents to peers, and these
peer interactions provided a sense of belonging to their institution. Social acceptance from their
peers positively correlated with students’ attachment to the university, friendships, and GPA.
Students with ADHD symptoms had, on average fewer friendships, a lower attachment to the
university, and lower first-year GPAs than their peers without ADHD (Khalis et al., 2018).

A stigma towards behaviors associated with ADHD exists among undergraduate students
(Thompson & Lefler, 2016), perhaps making building friendships and an attachment to their
institution more difficult (Khalis et al., 2018). In one study, Chew and coauthors (2009)
described a college student with ADHD using positive and negative adjectives. Students with

and without ADHD similarly “endorsed more negative adjectives than positive adjectives
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describing a college student with ADHD,” consistent with a negative attitude toward ADHD (p.
274). Interestingly, students with ADHD responded to the positive adjectives with less positive
attitudes towards individuals with ADHD than students without ADHD. Students with more
frequent contact with a student with ADHD provided responses indicating a more positive
attitude towards individuals with ADHD, perhaps implying that familiarity may help students
recognize the strengths of others (Chew et al., 2009).

In another study, McKee (2017) had first-year college students complete a 10-minute
group task of building an as-tall-as-possible block tower. A single group was composed of
students with few characteristics associated with inattention, hyperactivity, and impulsivity and
students with many of these characteristics. After completing the task, students had more
positive initial impressions of the students with similar levels of inattentive, hyperactivity, and
impulsivity characteristics as themselves. In other words, students with few traits associated with
ADHD preferred (i.e., were more likely to build friendships with) students with few
characteristics, and vice versa (McKee, 2017). In a third study, Canu and coauthors (2008)
suggested that undergraduate students had a lower likelihood of befriending an individual with
ADHD based on their ratings of fictitious profiles of individuals across several domains (ADHD,

medical problem, and an “ambiguous weakness” such as a perfectionist; p. 703).

3.6 Academic Success of College Students with ADHD

Researchers have investigated traditional academic success outcomes of college students
with ADHD, such as grades and persistence, and less often non-traditional measures of academic
success, such as creativity. Grades have been studied most frequently, likely due to the additional
challenges of studying persistence (e.g., difficult to differentiate whether a student dropped out

of a study vs. dropped out of school). They typically have not included students’ individual
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college experiences in their analyses, nor included college experiences as mediators in academic
success models (e.g., DuPaul et al., 2021). Researchers have explored the creative and divergent
thinking of college students with ADHD (White & Shah, 2011, 2016), empirically finding
students with ADHD had higher levels of creative and divergent thinking compared to their peers
without ADHD (White & Shah; 2011, 2016).

3.6.1.1 Grades.

College students with ADHD earn, on average lower grades than their peers without
ADHD (e.g., Advokat et al., 2011; Blase et al., 2009; DuPaul et al., 2009; Frazier et al., 2007;
Weyandt et al., 2013). Of these studies, | describe three quantitative studies of students with
ADHD examining college grades as an outcome. Two of the three studies are more recent and
longitudinal, and none of the three incorporate contextual aspects of the college classroom or
curricular experiences beyond aspects of academic adjustment.

In one study, Blase and coauthors (2009) conducted a statistical analysis of survey
responses from 3,379 undergraduate students, of whom 153 (4.5%) reported currently having
ADHD. They included two measures related to students’ college experiences: academic concerns
(“students’ concerns about their academic performance and ability to succeed academically”)
and social concerns (“students’ concerns/satisfaction with their relationships and social life”’; p.
300). They found a 0.4 to 0.5 standard deviation lower average GPA of students with ADHD
than their peers without a (current or past) ADHD diagnosis (n = 3,153).

In a longitudinal analysis, DuPaul and coauthors (2021) explored both college grades and
persistence as well as the LASSI factor scores of approximately 400 undergraduate students over
four years of college. They used multiple-group latent growth curve modeling with three groups:

students with ADHD not using medication for ADHD (n = 96-105), students with ADHD using
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medication for ADHD (n = 94-99), and students without ADHD (n = 190-216). Students without
ADHD, on average, had higher LASSI scores (better) on affective (managing emotions),
comprehension monitoring (assessing one’s understanding), and goal strategies than students
with ADHD (taking medication or not). For all four years of college, students without ADHD
had, on average, higher GPAs than students with ADHD (taking medication or not). After the
first semester, the GPAs of the students without ADHD and students with ADHD taking
medication decreased, whereas the GPAs of students with ADHD but not taking medication
improved. Despite the comprehensiveness of this study, it did not include information about
students’ pre-college academics (e.g., high school GPA or standardized test scores) or college
experiences, had a borderline adequate college GPA model fit, and a relatively small number of
students in each group.

Using first-year data from the same study, Gormley and coauthors (2019) conducted
regression analyses on first-year GPA, separately modeling students with ADHD and students
without ADHD. Students’ use of services (“campus tutoring services” and “academic skill
assistance”) was the only college experience measures included in their model (p. 1769). In
addition to finding that students with ADHD earned, on average, lower GPAs in high school and
the first year of college, they concluded that common predictors of college grades differ for
students with ADHD compared to their peers without ADHD. They based this on the lack of
statistical significance of high school GPA in the model of students with ADHD in comparison
with its significance in the regression model of students without ADHD. A disparate
interpretation is that the lack of significance of high school GPA for students with GPA arises

from the low power of the model - the college GPA regression model had 13 independent
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variables and used data from only 153 students (ratio of independent variables to responses of
less than 12).

3.6.1.2 Creativity

Researchers have found that college students with ADHD have higher levels of divergent
thinking and real-world creativity, and hypothesize an association with their lower cognitive
inhibition (e.g., White & Shah, 2011). For example, White and Shah (2011) had students with
ADHD complete measures of creative achievement, creative style, real-world creativity, and
divergent creative thinking. Students with ADHD had statistically significant higher levels of
creative achievement (i.e., real-world creativity) and their creative style more often aligned with
idea generation, consistent with a divergent thinking. White and Shah (2016) also studied
creative thinking using the Unusual Uses Task, a measure divergent thinking, and found that
students with ADHD outperformed their peers without ADHD. Mediation analysis indicated
inhibitory control drove this difference.

Taylor and coauthors (2020) explored creativity and engineering GPA in college students
with ADHD using Torrance Tests of Creative Thinking Figural-test, a measure of divergent
thinking that differs from the verbal test used by White and Shah (2011). Taylor and coauthors
(2020) found that characteristics of ADHD positively associated with higher levels of divergent
thinking. Similarly, in a study of college students, Boot and coauthors (2017) found that
characteristics of ADHD positively associated with higher measures of creative achievement,
divergent thinking, and self-reported creative behavior. Consistently across these four studies,
researchers found higher levels of divergent thinking either associated with ADHD

characteristics or were more likely for students with ADHD than their peers without ADHD.
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3.7 Summary

College students with ADHD often have more difficulty with executive functions (e.g.,
working memory, inhibition, and cognitive flexibility; Brown, 2009; Diamond, 2013). Higher-
order executive functions, such as organization and time management, are necessary for
academic success in college (Ahrens et al., 2019; Diamond, 2013). In transitioning to college,
students who have lesser developed college-readiness skills (as is the case for many students
with ADHD) experience more difficulty adjusting to college academics (Canu et al., 2021;
Reaser et al., 2007).

The college experiences of students with ADHD differ from their peers without ADHD.
In the classroom, they experience barriers such as long-duration lectures which require sustained
attention and note-taking (e.g., Lefler et al., 2016). The negative stigma associated with ADHD
can lead to fewer positive and more negative interactions with instructors and peers, particularly
during group work (Canu et al., 2007). Students’ curricular experiences are influenced by their
difficulty with the academic adjustment to college and less well-developed study and time
management skills (e.g., Canu et al., 2021). They are prone to procrastination, leading to
incomplete assignments and completing assignments and studying for exams at the last-minute
(e.g., James et al., 2020). There is less research on the out-of-class experiences of students with
ADHD, although students with ADHD may have a lower sense of belonging than their peers
without ADHD (Khalis et al., 2018).

Researchers studying academic success outcomes for college students with ADHD have
found that students with ADHD earn, on average, lower grades than their peers without ADHD
(e.g., DuPaul et al., 2021). Creativity, a non-traditional metric of college success, is not often

investigated as an academic success outcome, although researchers have found that college
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students with ADHD have higher levels of creative and divergent thinking than students without

ADHD (White & Shah, 2011, 2016).

3.8 Research Questions

Through quantitative research, | aim to identify aspects of the college experience
associated with the academic success of students with ADHD and focus areas for evidence-based
recommendations for college instructors, staff, and administrators to promote a more equitable
educational experience.

My study seeks to answer two research questions.
RQ1. What relationships exist between students’ precollege characteristics and
experiences, the college experience, and academic success for students with
ADHD?
RQ2. What college experiences, if any, mediate the relationship between a pre-

college ADHD diagnosis and academic success?
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Chapter 4 Research Methods

This section describes the data, measures, missing data (briefly), model development, and
analysis. Appendix A includes an in-depth description of missing data and the methods | used to
handle the missing data appropriately. The University of Michigan IRB has reviewed this study,
and it has received a “Not Regulated” determination (HUMO00200369).

| want to first comment on the language throughout the remainder of my dissertation. |
analyzed secondary data; therefore, the item wording was provided from surveys administered
seven to twelve years prior to my receiving it. The language is not bias-free (American
Psychological Association, 2023), and items related to neurodiversity are written from the
medical model lens (e.g., have received an ADHD diagnosis versus identifies as a student with
ADHD). | replicate the survey wording as necessary to accurately describe the items.
Furthermore, persistence and retention are frequently used interchangeably in academic success
literature; however, more accurately, persistence is measured at the student-level, and retention
is an institutional-level metric. Although I follow the latter convention, the authors of the
structural equation model (SEM) described in this section used “retention” (Bowman et al.,

2019). Therefore, when referring to their model, I retain their use of the word “retention.”

4.1 Data

The Higher Education Research Institute (HERI), in conjunction with higher education
institutions across the U.S., administers The Freshman Survey (TFS; HERI, n.d.) and Your First
College Year (YFCY; HERI, n.d.a). Incoming first-year students complete the TFS, which has

items focused on “students’ background characteristics, high school experiences, attitudes,
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behaviors, and expectations for college” (HERI, n.d., para. 1). In even years since 2010, the TFS
included an item asking students whether they have received a previous ADHD diagnosis (HERI,
n.d.b). At the end of their first year, students complete the YFCY survey, including questions
about their first-year college experiences and academic outcomes. HERI merges matched
responses from these surveys to create longitudinal data.

I requested longitudinal data from the TFS and YFCY through HERI’s proposal process
(HERI, n.d.c). The combined data set comprised four student cohorts who completed their first
year in college in 2011, 2013, 2015, and 2017, and matched (through a HERI student
identification number) data from 2010, 2012, 2014, and 2016 TFS surveys. Only students who
attended a single institution from when they took the TFS to when they completed the YFCY are
included in this data. Transfer students and students who did not continue at the same institution
(e.g., dropped out of college) are omitted. It was impossible to determine the extent of the loss of
respondents due to dropout or transfer versus not completing the YFCY survey. For this reason,
this data set was limited to studying college experiences and only specific measures of academic
success (e.g., grades, not persistence). | only included data from students who attended four-year
institutions (n = 45,915) and excluded data from those who attended two-year institutions
because of the small sample size (n =117).

The numbers of respondents who reported not having an ADHD diagnosis, reported
having an ADHD diagnosis, or did not respond are displayed in Table 1. Approximately 4.5% or
2,082 of incoming first-year students reported having ADHD, and 4.7% or 2,177 did not respond

to the ADHD survey item.
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Table 1. Students’ responses, by cohort, to the TFS item about having received an ADHD
diagnosis

TFS Year No ADHD diagnosis ADHD diagnosis Non-response
n (%) n (%) n (%)
2010 16,576 (90.8) 768 (4.2) 917 (5.0)
2012 14,635 (92.5) 668 (4.2) 519 (3.3)
2014 6,020 (88.1) 335 (4.9) 460 (6.7)
2016 4,425 (88.6) 291 (5.8) 281 (5.6)
Total 41,656 (90.7) 2,082 (4.5) 2,177 (4.7)

4.2 Measures

Terenzini and Reason (2005) and Reason’s (2009) descriptions of pre-college
characteristics and experiences and college experiences guided my selection of HERI variables.
All measures used in this study were from TFS or YFCY variables, transformed from TFS or
YFCY variables, or TFS or YFCY constructs (HERI, n.d.d). The exact item wording of TFS and
YFCY surveys is available on HERI’s website (https://heri.ucla.edu/instruments/). The variables
and their relationship to my conceptual framework are described in the following text and shown
in Tables 2 through 10. Variables screened as potential auxiliary variables (used only for missing
data analysis because they are related to variables selected based my conceptual framework) are

also included in this section and the associated tables.

4.2.1 Independent, Mediating, and Auxiliary Variables.

A measure of ADHD (in pre-college characteristics and experiences) and measures of
students’ college experiences (classroom, curricular, and out-of-class) were key independent or
mediating variables because this study explored aspects of the college experiences of students

with ADHD that are associated with academic success. | included other pre-college
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characteristics and experiences and organizational context variables but they were not of primary
interest.

4.2.1.1 Pre-college characteristics and experiences.

Tables 2 through 5 list pre-college characteristics and experiences variables in four
categories: neurodiversity, sociodemographic traits, prior academic preparation and performance,
and student dispositions.

4.2.1.1.1 Neurodiversity.

The critical variable in this subcategory is self-reported by incoming first-year students
on the TFS, and indicates whether they have previously received an ADHD diagnosis
(DISAB2_TFS; 1=No, 2=Yes; Table 2). | transformed this variable (ADHD; 0=No, 1=Yes). A
similar survey item was not included in the YFCY.

| requested three additional neurodiversity variables because learning differences play a
role in college experiences (Moskal, 2014). They are self-reported measures (Table 2) of having
a learning disability (DISAB1_TFS; 1=No, 2=Yes), autism spectrum/Asperger's syndrome
(DISAB3_TFS; 1=No, 2=Yes), or psychological disorder, such as depression (DISAB6_TFS;
1=No, 2=Yes). These three measures do not appear in the SEMs. Instead, | screened them as part
of my missing data analysis (Appendix A) to determine if they are auxiliary variables (i.e.,

variables that contain information about missing values).
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Table 2. Pre-college neurodiversity variables

Do you have any of the following . Transformed  Transformed
T . o Variable name Responses .

disabilities or medical conditions? variable responses

Attention-deficit/hyperactivity disorder DISAB2 TFS  1=No, 2=Yes ADHD 0=No, 1=Yes

(ADHD)

Learning disability (dyslexia, etc.) DISAB1 TFS 1=No, 2=Yes

Autism spectrum/Asperger's syndrome DISAB3_TFS 1=No, 2=Yes

Psychological disorder (depression, etc.) DISAB6_TFS  1=No, 2=Yes

4.2.1.1.2 Sociodemographic Traits.

Multiple sociodemographic trait variables from the TFS (

Table 3) are included: sex (SEX_TFS; 1=Male, 2=Female), financial resources
(INCOME_TFS; categorical; screened as potential auxiliary variable in missing data analysis),
and first-generation college student (FIRSTGEN_TFS; 1=No, 2=Yes). | transformed sex to
FEMALE (0=Male, 1=Female) and first-generation college student to FIRSTGEN (0=No,
1=Yes). Additionally, | created a new variable indicating whether a student identifies as part of
an underrepresented racial/ethnic group (URMG; 0=No, 1=Yes) from the HERI race/ethnicity
variable (RACEGROUP_TFS; categorical). | assigned students of races/ethnicities other than
White or Asian as part of an underrepresented racial/ethnic group. If a student did not respond to
the RACEGROUP_TFS item as an incoming first-year student, | used the matching data from a
similar YFCY survey item (RACEGROUP, 1=American Indian/Alaska Native, 2=Asian/Pacific
Islander, 3=Black/African American, 4=Latina/o/x, 5=White, 6=0ther race/ethnicity, 7=Two or
more races/ethnicities).

4.2.1.1.3 Academic Preparation and Performance.
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My SEMs or missing data analysis used the academic preparation and performance
variables from the TFS (Table 4). For SEM, I included students’ average high school grades
(HSGPA _TFS, 1=D, 2=C, 3=C+, 4=B-, 5=B, 6=B+, 7=A-, 8=A or A+) and standardized test
scores (STANDTEST, range=400-1600). | created STANDTEST by adding students’ verbal SAT
scores (SATV_TFS, range=200-800) and math SAT scores (SATM_TFS, range=200-800), if
available. Approximately half of the students in the data set reported verbal and math SAT
scores (n = 21,547). For the remaining students who reported an ACT composite score
(ACTCOMP_TFS, range=1-36; n = 13,721), | converted their ACT scores to SAT scores using
an ACT-SAT concordance table provided by ACT (n.d.). The other measures of students’
academic preparation served as auxiliary variables (see Appendix A): years of high school math
and science (e.g., years of high school math, YRSTUDY2_TFS, 1=1 year, 2=2 years, 3=3 years,
4=4 years) and completed math courses (e.g., Algebra Il, MATH1_TFS, 1=No, 2=Yes). | also
transformed years of high school math (YRSTUDY2_TFS) to a variable indicating whether a
student completed less than four years of high school math (LESS4AMATH, 0=No, 1=Yes).

4.2.1.1.4 Student Dispositions.

For student dispositions, I used four measures of students’ self-ratings as incoming first-
year students (Table 5). I used self-rating of creativity compared to their peers (RATEO06_TFS,
1=Lowest 10%, 2=Below average, 3=Average, 4=Above average, 5=Highest 10%), renamed
CREATIVITY_TFS, in multiple imputation (i.e., filling in missing data). In multiple imputation, |
also included the four indicator variables for the HERI academic self-concept construct, defined
as “A unified measure of students’ beliefs about their abilities and confidence in academic
environments” (HERI, n.d.d, p. 5): academic ability (RATEO1_TFS), mathematical ability

(RATE11_TFS), intellectual self-confidence (RATE15_TFS), and drive to achieve
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(RATEO8_TFS). Each indicator had the same five-point Likert categorical response scale
(1=Lowest 10%, 2=Below average, 3=Average, 4=Above average, 5=Highest 10%).
Additionally, I included in my first-year grades SEMs a proxy for resilience, accepting mistakes

as part of the learning process (RESILIENT_TFS, 1=Not at all, 2=Occasionally, 3=Frequently).

Table 3. Pre-college sociodemographic variables

. . Transformed Transformed
Survey item Variable name Responses .
variable responses
Your sex SEX_TFS 1=Male, 2=Female FEMALE 0=Male, 1=Female
What is your best estimate

>10 categories of

of your parents' total INCOME_TFS : .
income in $

income last year?

First-generation status
based on parent(s) with FIRSTGEN_TFS 1=No, 2=Yes FIRSTGEN 0=No, 1=Yes
less than 'some college.'

1=American Indian

2=Asian
3=Black
Are you: RACE.I(_;FZOUP— 4=Hispanic URMG 0=No, 1= "Yes
5=White
6=0ther

7=Two or more
races/ethnicity
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Table 4. Pre-college academic preparation and performance variables

. . Transformed Transformed
Survey item Variable name Responses :
variable responses
- 1=D, 2=C, 3=C+, 4=B-, 5=B
f) ) ) L 1 1
What was your average grade in high school* HSGPA_TFS 6=B+, 7=A- 8=A or A+
?
What were your scores on the SAT | and/or ACT? ACTCOMP TES continuous
ACT Composite -
?

What were your scores on the SAT | and/or ACT: SATV_TFS continuous STANDTEST ~ Range =400-1600
SAT Critical Reading

What were your scores on the SAT | and/or ACT? .
SAT Mathematics SATM_TFS continuous

During high school (grades 9-12) how many years did you
study each of the following subjects?
Mathematics YRSTUDY2_TFS LESS4AMATH 0=No, 1=Yes
Physical science YRSTUDY4_TFS 1=1 year, 2=2 years, 3=3
Biological science YRSTUDY5_TFS years, 4=4 years
Computer science YRSTUDY7_TFS
Please mark which of the following courses you have
completed:
Algebra 1l MATH1_TFS
Pre-calculus/Trigonometry MATH2_TFS
Probability and Statistics MATH3_TFS
1=No, 2=Yes

Calculus MATH4_TFS
AP Probability and Statistics MATH5_TFS
AP Calculus MATH6_TFS
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Table 5. Pre-college student disposition variables

. . Transformed Transformed
Survey item Variable name Responses .
variable responses
Rate yourself on each of the following traits as
compared with the average person your age. We want
the most accurate estimate of how you see yourself.
Creativity RATEO6_TFS 1:'-°W€5|t 10%,  CREATIVITY_TFS  Unchanged
2=Below -
Academic ability RATEO1_TFS average,
Mathematical ability RATE11_TFS 3=Avgrage,
. . 4=Above
Self-confidence (intellectual) RATE15 TFS average,
Drive to achieve RATEO8 TFS 5=Highest 10%
How often in the past year did you:
1=Not at all,
Accept mistakes as part of MNDHABI0_TFS  2=Qccasionally, ~RESILIENT_TFS Unchanged
the learning process 3=Frequently

4.2.1.2 Organizational Context.

4.2.1.2.1 Institutional Characteristics.

I used two variables characterizing students’ higher education institution: institutional
selectivity (SELECTIVITY, range=662.6-1525) and institutional type (INSTTYPE, 1=University,
2=4-year, and 3=2-year). | used SELECTIVITY as an auxiliary variable and INSTTYPE to
exclude students attending a two-year institution (n = 117).

4.2.1.2.2 Student-Specific Characteristics.

To account for financial aspects associated with higher education attendance specific to
each student, I created a measure of whether a student reported “major” concerns about financing
college (CFINANCONCERN; 0=No, 1=Yes). This measure accounts for first-year students’
financial situation, indicating whether they had concerns about financing college either as
incoming first-year students or at the end of their first year. | created this measure from the
survey item asking, “Do you have any concern about your ability to finance your college

education?” (1=None, I am confident that I will have sufficient funds, 2=Some, but I probably
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will have enough funds, 3=Major, not sure I will have enough funds to complete college) as an
incoming freshman (FINCON_TFS) and at the end of the student’s first year (FINCON). |
assigned the CFINANCONCERN variable a 1 (Yes) if students responded that they had “major”
concerns about financing college on either survey and otherwise a 0 (No).

4.2.1.3 Individual Student Experience.

4.2.1.3.1 Classroom Experiences.

For classroom experiences, | used indicator variables from two HERI constructs, one
measuring student engagement, academic disengagement, and one measuring instructor-student
interaction, faculty interaction. In addition, I included a measure of whether a student frequently
felt bored in class (BOREDCLASS; 0=No, 1=Yes) transformed from the ACT04 variable (1=Not
at all, 2=Occasionally, 3=Frequently). These variables are listed in Table 6 and are used in
handling missing data or SEM.

In multiple imputation, | used student engagement measures from HERI’s academic
disengagement construct “measures the extent to which students engage in behaviors that are
inconsistent with academic success” (HERI, n.d.d, p. 15), and it is comprised of items about
students’ class behavior (Table 6). Of the five items, three are about class attendance (late,
skipped, or fell asleep), and two are about classroom assignments (completion and quality of
work).

Within instructor-student interaction, I used measures from HERI’s faculty interaction
construct that “measures the amount and type of contact students have with faculty that is
appropriate for the first year of college, as well as satisfaction with these issues” (HERI, n.d.d, p.

17). It includes items about the frequency of students’ interaction with faculty (e.g., office hours
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and communication). | expect instructor-student interaction and sense of belonging to capture
student-student rapport.

4.2.1.3.2 Curricular Experiences.

Within curricular experiences, | used indicator variables from the academic adjustment
construct and a variable, DISABSERVICES, measuring students’ interactions with their disability
resource center (SERVICESO06, 1=Not at all, 2=Occasionally, 3=Frequently; Table 7).

For academic adjustment, I used the four items from HERI’s academic adjustment
construct about the ease of various aspects of students’ adjustment to college academics (HERI,
n.d.d, p.16): understand what your professors expect of you academically (EASY9; renamed
PROFEXPECT), develop effective study skills (EASY6; renamed STUDYSKILLS), adjust to the
academic demands of college (EASY1; renamed ADJUSTDEMAND), and manage your time
effectively (EASY8; renamed TIMEMANAGE). These items had a four-point Likert scale
(1=Very difficult, 2=Somewhat difficult, 3=Somewhat easy, 4=Very easy).

4.2.1.3.3 Out-of-Class Experiences.

Within out-of-class experiences, I used items from HERI’s sense of belonging construct
(HERI, n.d.d). I also transformed a measure of students’ frequency of interacting with friends at
their college (FRIENDS, O=Less than once a week, 1= Once a week or more; Table 8), which |

used in multiple imputation.

56



Table 6. Individual Student Experience: Classroom Experience variables

. Variable Transformed
Survey item Responses .
name variable
Been late to class ACTO05
Skipped class CLSACTI18
Academic : : - - ;
. Turned in course assignment(s) late CLSACT20 1=Not at all, 2=Occasionally,
disengagement 3=Frequently
construct Turned in course assignments that did not reflect your
best work CLSACT21
Fell asleep in class CLSACTO06
Interact with faculty outside of class or office hours ~ INTACT06  1=Never, 2=1 or 2 times/term, 3=1 or 2 FACOUT
times/week, 4=Once a week, 5=2 or 3
times/week, 6=Daily
Interact with faculty during office hours INTACTO5 FACOFFICE
. 1=Not at all, 2=Occasionally,
Faculty interaction Asked a professor for advice after class ACTO1 3=Frequently FACADVISE
construct
Communicated regularly with your professors COLACT05 1=No, 2=Yes FACCOMM
1=Can't rate/no experience, 2=Very
Satisfaction with the amount of contact with faculty CMPSATO01 dissatisfied, 3=Dissatisfied, 4=Neutral, FACCONTACT

5=Satisfied, 6=Very satisfied
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Table 7. Individual Student Experience: Curricular Experience variables

Survey item Variable name Responses Trans_formed
variable
Since entering this college, how has it been to:
Understand what your professors expect of you EASY9 PROFEXPECT
Academi academically. 1=Very difficult, 2=S hat difficult
cademic . . =Very difficult, 2=Somewhat difficult,
Adjustment Develop effective study skills. EASY6 3=Somewhat easy, 4=\Very easy STUDYSKILLS
Adjust to the academic demands of college. EASY1 ADJUSTDEMAND
Manage your time effectively. EASYS8 TIMEMANAGE

Since entering this college, how often have you utilized the following services:

Disability resource center SERVICES06

1=Not at all, 2=Occasionally,
3=Frequently

DISABSERVICES
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| operationalized out-of-class experiences using the sense of belonging construct that
“measures the extent to which students feel a sense of academic and social integration on
campus” (HERI, n.d.d, p. 20). It is primarily focused on students’ sense of belonging related to
the college campus instead of the classroom or academic field (Table 8) and comprises four
items (I feel I am a member of this college, COLOPN13; | feel a sense of belonging to this
campus, COLOPNZ14; | see myself as part of the campus community, COLOPN27; If asked I
would recommend this college to others; COLOPN28; HERI, n.d.d, p. 37). | renamed these
variables MEMBER, CAMPUSBELONG, CAMPUSCOMM, and RECOMMEND, respectively,
and kept their four-point Likert scales.

4.2.1.3.4 Additional Variables.

| used three additional variables (Table 9) from the YFCY survey related to student
dispositions during the first year of college for handling missing data (see Appendix A): seeks
alternative solutions to problems (INNOVATE), self-rating of their academic ability (RATE02),

and intellectual self-confidence (RATE23).

4.2.2 Dependent variables.

4.2.2.1 Academic success.

The two academic success measures are listed in Table 10. For college grades, I used
students’ average grade from the YFCY (CURRGPA, “What is your overall grade average (as of
your most recently completed academic term)?”, categorical). For creativity, | used students’
self-rating of their creativity compared to their peers (CREATIVITY1, 1=Lowest 10%, 2=Below

average, 3=Average, 4=Above average, 5=Highest 10%).



Table 8. Individual Student Experience: Out-of-Class Experience variables

Variable Transformed Transformed

Survey item Responses .
name variable responses

Please indicate the extent to which you agree or disagree with the following statements:

| feel I am a member of this college COLOPN13 MEMBER
1=Strongly disagree,

Sense of | feel a sense of belonging to this campus COLOPN14 e o CAMPUSBELONG
Belonging _ 2=Disagree, 3=Agree,
I see myself as part of the campus community COLOPN27 4=Strongly agree CAMPUSCOMM
If asked, | would recommend this college to others COLOPN28 RECOMMEND
Close friends at this institution INTACTO02 ’ P FRIENDS week, 1=0Once a

month, 4=once a week, 5=2

or 3 times per week , 6=daily week or more

aSurvey wording in 2010 and 2012 = Since entering this college, how often have you interacted with the following people (e.g., by phone, e-mail, Instant
Messenger, or in person)



Table 9. Additional variables from the YFCY

Survey item Variable name Responses Transformed Transformed responses
variable
How often in the past year did you:
0=Not at all,
Seek alternative solutions to a problem MNDHABO9 1=Not at all, 2=Occasionally, 3=Frequently INNOVATE 1=0ccasionally,
2=Frequently
Rate yourself on each of the following traits as compared with the average person your age. We want the
most accurate estimate of how you see yourself.
Academic ability RATEO2 1=Lowest 10%, 2=Below average, 3=Average,
= =Hi 0
Self-confidence (intellectual) RATE23 4=Above average, 5=Highest 10%
Table 10. Academic success variables (from the YFCY)
Survey item(s) Variable name Responses Transformed variable Transformed responses

What is your overall grade average (as of your most recently completed academic term)?

1=I did not receive grades in my courses,
CURRGPA 2:D’ S:C' 4:C+’ 5:B', G'B, 7=B+,

Overall GPA 8=A-, 9=A or A+

Rate yourself on each of the following traits as compared with the average person your age. We want the most accurate estimate of how you see yourself.
1=Lowest 10%, 2=Below average,
Self-rating of creativity =~ RATEQ9 3=Average, 4=Above average, CREATIVITY1
5=Highest 10%

0=Awverage or below, 1=Above
average, 2=Top 10%
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4.3 Missing Data: Briefly

The measures in this study had missing data. The pre-college characteristics and
experiences variables had a relatively low fraction of missing responses, whereas the college
experience indicators and academic success manifest variables typically had approximately 10%
missing responses. | used multiple imputation to fill in missing data (Allison, 2002; Enders,

2022) and provided a detailed description of the application of this method in Appendix A.

4.4 Analysis

4.4.1 Structural Equation Modeling

Structural equation modeling is a causal statistical analysis method that simultaneously
models relationships among observed and latent variables (Kline, 2016). Latent variables are
constructs that are not directly measured, instead they are indirectly measured by two or more
observed or manifest variables. The use of latent variables in SEM enables us to remove the
measurement error associated with observed variables. Multiple regression is a SEM in its
simplest form (i.e., no latent variables or omitted paths; Bauer & Curran, 2022). Commonly in
SEM, there are multiple dependent variables and omitted paths between variables for which no
relationship is theorized.

4.4.1.1 Model specification.

The first step in SEM is specifying a model (Kline, 2016). The focus of my study,
students with ADHD, drove critical decisions in model specification. | included common
strengths of students with ADHD, creativity (White & Shah, 2011, 2016), and challenges of
college students with ADHD, executive functioning (e.g., DuPaul et al., 2009) and on-campus

social interactions (McKee, 2014).

62



4.4.1.1.1 First-year grades.

I started with Bowman and coauthors’ (2019) academic success SEM with outcomes of
college grades and persistence because, similar to Terenzini and Reason’s (2005) model, it is
based on the student retention theories and models of Astin (1993), Pascarella (1985), and Tinto
(1993) and includes non-cognitive attributes. The Bowman model (2019) incorporates students’
pre-college measures of high school GPA and financial means, college experience measures of
non-cognitive attributes and social adjustment, and two traditional academic success measures,
college grades and retention. Non-cognitive attributes’ indicator variables in the Bowman model
are academic grit, time management, self-discipline, and self-efficacy and social adjustment’s
indicator variables are social integration and peer connection (Bowman et al., 2019).

First, | adapted the Bowman Model (Figure 3) by omitting retention because college
persistence cannot be measured using the HERI data. Removing retention eliminated its
associated paths and the measured variable, commitment to institution, singularly connected to it.

Next, I adapted the model’s latent variables to coincide with available constructs and
variables (Figure 4). I replaced financial means with students’ concerns about financing college
(CFINANCONCERN). I selected a closely related HERI construct, academic adjustment, to
operationalize non-cognitive attributes. | chose two closely related HERI constructs to
operationalize social adjustment, splitting this factor into faculty interaction and sense of
belonging. For the two-factor model (Figure 5), I used the manifest variable, CAMPUSBELONG,
instead of the sense of belonging latent variable, which I used for the three-factor model (Figure

4).
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Figure 3. Bowman and coauthors (2019) structural equation model without the retention outcome
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Figure 4. Three-factor structural equation model based on the Bowman model (2019)
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Figure 5. Two-factor structural equation model based on the Bowman model (2019)
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Furthermore, | added pre-college characteristics and experiences variables in addition to
high school GPA based on my conceptual framework. | added pre-college characteristics and
experiences variables: FEMALE, FIRSTGEN, URMG, STANDTEST, and RESILIENT_TFS,
connecting them to academic adjustment. | added a path connecting STANDTEST to CURRGPA,
consistent with the other pre-college academic preparation variable, HSGPA_TFS. | also
included a path from ADHD to the academic success outcome variables, enabling mediation
analysis.

Lastly, | adapted the model to account for the time progression of HERI variables and
structural equation modeling's causal nature (Kline, 2016). | reversed the direction of the path
between academic adjustment, a college-level factor, and high-school GPA, a pre-college
variable because students’ academic adjustment in college cannot predict their high school GPA.
Bowman and coauthors’ rationale for predicting high school GPA with a college-level measure
was that this measure is expected to remain constant. For many students, pre-college academic
adjustment indicators may differ from college indicators because students often receive less
parental support in college compared to high school. Therefore, students’ time management in
high school (and likely the resulting higher grades) may be supported by their parents and not
reflective of their time management in college. Parental support may play a substantial role for
students with ADHD (Fleming & McMahon, 2012; Stevens et al., 2023). For this reason, using a
college-level measure of academic adjustment to predict high school grades is problematic for
this study. Instead, I hypothesize high school GPA, in part, predicts college-level academic
adjustment, consistent with the hypothesis of Gormley and coauthors (2019). Similarly, I did not
include the path from financial means (the proxy for this study is concerned about financing

college) to high school GPA.
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4.4.1.1.2 Creativity.

| hypothesized SEMs for the academic outcome, creativity, starting with my conceptual
framework, based on Terenzini and Reason’s (2005) college impact model. I explored three
models: one included only one of the pre-college characteristics and experiences variables,
whether a student had a previous ADHD diagnosis (Model 1), and two included four of those
variables (Model 2 and 3; ADHD, FEMALE, FIRSTGEN, URMG). Within college experience, |
included two college experience latent variables, faculty interaction and sense of belonging.
Figure 6 shows Model 1. Model 2 includes the three other pre-college characteristic variables
and Model 3 adds direct paths from all of the pre-college characteristics to the creativity

outcome, instead of only a direct path from one pre-college variable, ADHD, as in Model 2.

Figure 6. Model 1 hypothesized structural equation model with the creativity academic outcome
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4.4.1.1.3 Specified Measurement Model.

| employed confirmatory factor analysis (CFA) to assess the underlying structure of the
measurement model within my hypothesized SEMs. Faculty interaction, academic adjustment,
and sense of belonging form simple structure (i.e., indicator items load on only one latent factor)
two- and three-factor measurement models in the specified SEMs in Figure 4, Figure 5, and
Figure 6. Confirmatory factor analysis enabled model fit testing with my empirical data by
comparing the model-implied and observed covariance matrices (Bauer & Curran, 2022). This
enables a preliminary assessment of how the measurement model fits the experimental data and
later the identification of the source of model misspecification (i.e., identifies if the model
misspecification arises from the measurement or structural component of the SEM).

The categorical nature of the latent factors’ indicator variables had implications for the
estimator used in CFA. To use a maximum likelihood estimator, Curran and Bauer (2022)
recommend that ordinal variables have at least five response categories, with responses
distributed across categories. The academic adjustment, faculty interaction, and sense of
belonging indicator variable response distributions are provided in Table 11. The academic
adjustment indicator variables each had four response categories. “Somewhat difficult” and
“somewhat easy” typically had the largest number of responses, with fewer responses in the
“very difficult” and “easy” categories. The ADJUSTDEMAND indictor variable (skewness =
0.017, zero-normed kurtosis = -0.663) response distribution differed from this trend. Three
faculty interaction indicator variables had six response categories, with responses distributed
relatively evenly across categories and, therefore, could likely be treated as continuous.
However, two faculty interaction indicator variables had fewer response categories: asked a

professor for advice (FACADVICE; skewness = 0.000, zero-normed kurtosis = 0.363) and
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satisfied with the amount of faculty contact (FACCONTACT; skewness = -0.913, zero-normed
kurtosis = 2.200). The sense of belonging indicator variables had four response categories, and
the responses tended toward “agree” and “strongly agree.” Skewness values were approximately
-0.5 to -0.6 and zero-normed kurtosis values were slightly less than 1. In summary, some of the
latent variables’ indicators could be treated as continuous (e.g., FACOUT [skewness = 0.606,
zero-normed kurtosis = 0.451] and FACOFFICE [skewness = 0.561, zero-normed kurtosis =
0.217]), allowing the appropriate use of a maximum likelihood estimator (Curran & Bauer, 2022;
Kline, 2016); in contrast, others are more appropriately treated as discrete (e.g., TIMEMANAGE
and STUDYSKILLS).

For CFA, | decided to use maximum likelihood estimation because of (1) the preliminary
nature of this step and (2) the availability of Stata’s post-estimation commands. Fit and
modification indices are only calculated following the SEM command, not the generalized SEM
command (gsem, which models discrete outcomes; StataCorp., 2021a). | tested the consistency
of the data with two of the hypothesized measurement models: the two-factor model with faculty
interaction and academic adjustment (Figure 7) and three-factor model with faculty interaction,
academic adjustment, and sense of belonging (Figure 8). To do this, I standardized the latent

variables by setting the variances to one and the means to zero (Bauer & Curran, 2022).
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Table 11. Distributions of indicator items for academic adjustment, faculty interaction, and sense of belonging constructs

Somewhat Somewhat

Academic adjustment Very difficult difficult easy Very easy
] 465 6,342 22,528 11,516
Understand what your professors expect of you academically (PROFEXPECT)
Manage your time effectively (TIMEMANAGE) 3,788 15,567 15,316 6,160
Develop effective study skills (STUDYSKILLS) 2,017 12,310 19,146 7,381
Adjust to the academic demands of college (ADJUSTDEMAND) 2,077 12,327 17,581 8,852
20r3
Faculty Interaction lor2 lor2 times a
Never times/term times/week  Once a week week Daily
Interact with faculty outside of class or office hours (FACOUT) 11,353 12,477 9,664 6,079 3,447 975
Interact with faculty during office hours (FACOFFICE) 3,984 14,957 12,862 7,121 3,916 1,223
Not at all Occasionally Frequently
Asked a professor for advice after class (FACADVISE) 7,657 25,017 7,657
No Yes
Communicated regularly with your professors (FACCOMM) 11,117 21,814
Can't rgte/no Very Very
Experience dissatisfied  Dissatisfied Neutral Satisfied satisfied
Satisfaction with the amount of contact with faculty
(FACCONTACT) 256 254 1,466 9,753 19,782 7,296
Strongly Strongly
Sense of belonging disagree Disagree Agree agree
| feel | am a member of this college. (MEMBER) 902 3,741 23,432 11,160
| feel a sense of belonging to this campus. (CAMPUSBELONG) 1,400 5,756 22,905 9,174
| see myself as part of the campus community. (CAMPUSCOMM) 1,048 4,891 24,457 9,130
If asked, | would recommend this college to others. (RECOMMEND) 990 3,166 18,187 17,039
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| considered relative and absolute fit indices in evaluating the overall model fit. | report
the chi-square test results; however, because of my very large sample size (n = 27,288 - 43,523),
| focus on the fit indices for model evaluation. Generally, a significant (p < .05) model chi-
square indicates the data does not fit the hypothesized model well, but larger sample sizes
increase the chi-squared test statistic (Kline, 2016). For the relative fit indices, | followed general
guidelines from Hu & Bentler (1995): Comparative Fit Index (CFI > .90, .95 preferred) and
Tucker Lewis Index (TLI > .90 at minimum, .95 preferred). For the absolute fit indices, | used
the root mean square error of approximation (RMSEA; <.01 is excellent, <.05 is good, and .08 is
moderate; MacCallum et al., 1996) and standardized root mean square residual (SRMR; < .10
preferred; Kline, 2016).

In cases where a model modification aligned with theory, I respecified the model a single
change at a time, prioritizing the largest modification indices (MI; Bauer & Curran, 2022) and
the expected parameter change (EPC; Kline, 2016; Saris et al., 2009) in combination to identify
potential model misspecifications. Mls estimate the change in the model chi-squared statistic if a
path between two variables was not omitted (Bauer & Curran, 2022). The unstandardized and
standardized EPC estimate the change in the unstandardized or standardized, respectively,
parameter if it was not omitted from the model (Whittaker, 2012). Modification indices and
EPCs provide empirical information about potential model misspecifications (Kline, 2016).
Modification indices of greater than 3.84 are significant (Saris et al., 2009), but based on
recommendations by Curran and Bauer (2022), | concentrated on those larger than 10. For EPCs,
| prioritized values above 0.1 (for high power; Saris et al., 2009), and particularly those above

0.2 (Kline, 2016).
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Figure 7. The hypothesized two-factor measurement model

Academic_adjustment

FACOUT

FACADVISE

FACCONTACT

FACOFFICE

FACCOMM

PROFEXPECT

STUDYSKILLS

ADJUSTDEMAND

TIMEMANAGE

©

©

©

©

©

73

©




Figure 8. The hypothesized three-factor measurement model
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I confirmed the final two-factor and three-factor measurement models using random
subsets of the data set (5%, n = 2,296, two-factor model only; 10%, n = 4,592) to assess the
magnitude of the ratio of degrees of freedom to chi-square statistic and the significance of the
resulting p-values. Additionally, I used these analyses to confirm the relative and absolute fit
indices for smaller sample sizes.

After evaluating the fit of the measurement model, | conducted SEM for the two outcome
variables, CURRGPA and CREATIVITY1, following the remaining steps outlined by Kline
(2016) and Curran and Bauer (2022): model identification, model estimation, model evaluation,
and model respecification.

4.4.1.2 Model Identification.

| used the two-step identification rule to verify that the hypothesized model was
identified (Kline, 2016). First, each factor of the measurement component had three indicators
and therefore passed the first step of the rule. Second, the path model's structural component was
recursive and consequently passed the second step. The two-step rule is a sufficient condition,
positively indicating a model is identified (Kline, 2016).

4.4.1.3 Model Estimation.

In model estimation, similar to in CFA, | used a maximum likelihood estimator and set
the scale of latent factors by setting the means of the latent variables (a) to zero and the
variances (y) to one, using Stata’s sem command (StataCorp., 2021) to build the models
depicted in Figure 4 and 6. I also used Stata’s gsem command and the ologit option in
estimating the two-factor model to compare a more appropriate method for discrete indicator

variables to build the models depicted in Figure 5 and 7.
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4.4.1.4 Model Evaluation.

| subjected my hypothesized model to falsification and used the chi-square test and
absolute (RMSEA and SRMR) and relative (CFI and TLI) fit indices for evaluation, following
previously described procedures (see 4.4.1.1.3 Specified Measurement Model).

4.4.1.5 Model Respecification.

| considered theory, Mls, EPCs, and standardized EPCs in respecifying the model.

Similar to model evaluation, | used previously described procedures (see Methods: CFA).

4.4.2 Mediation analysis.

A mediating variable or mediator explains the relationship between an independent and
dependent variable (Baron & Kelly, 1986). This relationship is causal in nature, providing an
explanation for the mechanism underlying the relationship between an independent and
dependent variable. The mediator accounts for the indirect relationship among the variables, and
a mediation analysis determines the strengths of these relationships or the degree of mediation.
Here, | conduct a mediation analysis in considering the mediating effect of college experiences.

A schematic depicting the mediating relationship (Baron & Kelly, 1986) between college
experiences on ADHD and academic success outcomes is shown in Figure 9. The direct and
indirect effects of the hypothesized SEM are illustrated in Figure 10. All three indirect paths go
through the academic adjustment construct. | obtained standardized errors and confidence
intervals using the delta and the bootstrap method with 200 replications and a seed of 691 (Bauer

& Curran, 2022; UCLA Statistical Methods and Data Analytics, n.d.).
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Figure 9. Schematic of mediating relationship of academic success
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4.5 Limitations

There are several limitations within this analysis. They are discussed as they relate to the

sample, data, and statistical methods.

4.5.1 Sample.

The sample data may not adequately represent the population of U.S. college students or
the participating higher education institutions’ student population, limiting the generalizability of
these results. First, not all U.S. higher education institutions administer the TFS to their students,
and an even smaller fraction of institutions administer the TFS and the YFCY (HERI, n.d.a,
n.d.b). Institutions of Carnegie classification Large R1: Doctoral Universities (Indiana University
Center for Postsecondary Research, 2023) often do not administer both surveys, so students
enrolled at those institutions are potentially underrepresented in the data compared to the
population of U.S. college students and attend one of a few R1 institutions.

Educational data from the National Center for Education Statistics (NCES; 2016)
provides a comparison of the demographics of undergraduate students in this study and the U.S.
In this study, female students accounted for 61.1% (n = 29,899) of respondents, and students part
of underrepresented racial/ethnic groups accounted for 23.1% (n = 10,624) of respondents.
Females are slightly overrepresented in our sample compared to 55.8% of undergraduate female
students at four-year institutions in 2012 (Snyder et al., 2014). Students identifying as part of
underrepresented racial/ethnic groups are underrepresented in our sample compared to 32.8% of
students part of underrepresented racial/ethnic groups at 4-year public and not-for-profit
institutions in 2013 (Snyder et al., 2014).

If students with a previous ADHD diagnosis are less likely to complete the TFS and

YFCY surveys than students without an ADHD diagnosis, this has the potential to introduce
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selection bias. The Institute of Education Sciences reported that 19% of undergraduates across
U.S. postsecondary higher education in the 2015-2016 school year had a disability of some type
(Institute of Education Sciences: National Center for Education Statistics, 2018). It is more
difficult to determine the percentage of students with ADHD. In the 2011-2012 school year,
college students with ADHD accounted for 21.8% of students with a disability, 27.7% were
males and 17.7% were females (Hinz et al., 2017). Assuming these percentages are consistent
across years, approximately 4% of college students were students with ADHD (e.g., 19% of
college students have a disability, and 21.8% of those have ADHD). This is consistent with the

4.5% of college students diagnosed with ADHD in the data set (Table 1).

4.5.2 Data.

Another limitation of this study is that it does not include persistence as an outcome
because HERI data sets are not designed to support studying college persistence. The data in this
study does not include students who dropped out of post-secondary school or transferred to
another institution during their first year. Students who drop out of school before the end of their
first year would not take the second survey (the YFCY), and students who transfer to another
institution change student identification (id) numbers. HERI creates longitudinal data by
matching student id numbers, preventing the matching of transfer students’ responses. Therefore,
I only explored the academic success outcomes (first-year grades and creativity) of students who
persisted through their first year at the same college at which they began.

Using self-reported measures for ADHD and creativity may also result in limitations.
Some students with ADHD may have chosen not to self-report their diagnosis, and others with
ADHD may not receive a diagnosis until they are in college or later. Furthermore, students from

certain sociodemographic groups are less likely to receive a diagnosis than other students (Chung
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et al., 2019; Coker et al., 2016; Morgan et al., 2013). Additional factors may influence the
academic success of students with ADHD, such as medication use (Henning et al., 2022). One
study found that students’ use of medication (to treat ADHD) did not associate with higher
grades (Advokat et al., 2011) but another study found that it did positively relate to college
persistence (DuPaul et al., 2021). Another limitation is that this study uses data from self-
reported measures. Students’ self-rating of their creativity may not accurately reflect their
measured creativity, and they may not accurately report their average first-year grades
(CURRGPA).

Lastly, the data used in this study does not contain a measure of short-term motivation or
instructional practices. Therefore, I could not include short-term motivation in my first-year
grades SEMs. Although these measures are not typically included in theoretically-based student
retention or academic success models (Bowman et al., 2019; van Rooij et al., 2017), they are
potentially relevant for students with ADHD (Morsink, 2022) and without ADHD. Their absence
has the potential to result in omitted variable bias or, in other words, bias the regression

coefficients (Wilms et al., 2021) and lead to under- or over-estimates of mediation.

4.5.3 Statistical Methods.

Using SEM, | assumed that the measures and constructs were psychometrically valid and
reliable. For example, the proxy for resilience (RESILIENT_TFS) is a manifest variable
indicating whether a student accepts mistakes as part of the learning process but this proxy for
resilience is not necessarily a valid measure of resilience. HERI developed the academic
adjustment, faculty interaction, and sense of belonging constructs using exploratory factor
analysis using a polychoric correlation matrix (n.d.d). Although HERI provides scale scores

using item response theory (IRT), recommendations suggest including the original indicator
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items in SEM instead of conducting path analysis using scale scores (Bauer & Curran, 2022). 1
addressed this limitation using CFA with my specific data set to verify the constructs and remove
poorly functioning items.

| used academic success manifest variables instead of latent variables, and this has the
potential to bias coefficients and standardized errors (Bauer & Curran, 2022). The academic
success outcomes, first-year grades and creativity, are measured with a single variable and had
errors associated with their measurement. However, manifest variables are assumed to be
measured without error in SEM. To overcome this limitation, future analyses could include latent
variables for academic success instead of manifest variables.

The constructs or latent variables had items with ordinal response scales yet, in some
cases, | treated them as continuous. Some of these items are on a 6-point Likert scale and treating
them as continuous in an SEM analysis is appropriate (Curran & Bauer, 2022). The response
scale of other items was a 3- and 4-point Likert scale or ordinal in nature. In several of my SEM
analyses, | treated these variables as continuous by using a maximum likelihood estimator, which
may result in biased estimates for coefficients and standard errors (Bauer & Curran, 2022). |
addressed this limitation by providing a comparative analysis using Stata’s generalized SEM
command (gsem), which appropriately handles ordinal variables, for the two-factor analysis.
This comparison suggested that the path coefficient estimates provided by maximum likelihood
are reasonable approximations suitable for mediation analysis; however, the statistical
significance of one of the minimally contributing mediating pathways differed.

Lastly, the HERI data set contained missing data, particularly for the college experience
and academic success variables. Furthermore, some of the variables with missing data likely

were missing not at random (MNAR), which makes handling missing data more complicated
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(Allison, 2002). To address this limitation, | thoroughly analyzed the missing data, identified the
missing data mechanism, and screened potential auxiliary variables. As recommended by Allison
(2002), I filled in missing data using multiple imputation and used auxiliary variables in the
multiple imputation process (Enders, 2022). Furthermore, | estimated the SEM parameters
multiple way: listwise deletion and with multiply imputed data. In both cases, the SEM

parameters were similar in sign and magnitude.

4.6 Summary

In summary, | initially assessed the data and filled in missing data using multiple
imputation. For the first-year grades SEMs, | started from the Bowman Model and for creativity
SEMs, | started from a model based on my conceptual framework. Then, | assessed the fit of the
measurement model and made theoretically-supported modifications. Next, | assessed the fit of
the SEMs and again made theoretically-supported modifications. The results are presented in the
next section and are organized to correspond with this Methods section. Study limitations include
uncertainty regarding whether the data set is representative of U.S. college students, the inability

to measure persistence, and the appropriateness of the statistical methods for discrete measures.
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Chapter 5 Results

Structural equation modeling (SEM) is a causal analytical method in which a
theoretically-based model is specified (hypothesized), and then the model fit to the data is
estimated and evaluated (Bauer & Curran, 2022; Kline, 2016). These models can therefore depict
the causal nature of the relationships between students’ pre-college experiences and
characteristics, college experience, and academic outcomes. SEM also enables mediation
analysis (Bauer & Curran, 2022) to understand the underlying mechanism or mediating role of
students’ college experience on academic outcomes.

SEM combines a structural model, such as linear regression or path analysis, with a
measurement model, comprised of latent variables that measure underlying, unobservable
constructs using multiple observable measures or indicator variables (Bauer & Curran, 2022).
Latent variables enable the measurement of constructs, such as academic adjustment and sense of
belonging, that are not directly measurable (Watkins, 2022).

In this chapter, | present the results of multi-step SEM analyses for two academic success
measures, first-year grades and creativity. The first steps in the SEM estimation process are to
specify and identify the model (Bauer & Curran, 2022; Kline, 2016), which | described in the
Methods section. For first-year grades, | specified two- and three-factor models based on my
conceptual framework and the Bowman model (Bowman et al., 2019; Figure 4 and Figure 5).
For creativity, | specified a two-factor model based on my conceptual framework and a college

impact model (Terezini & Reason, 2005; Figure 6).
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| then present my confirmatory factor analysis (CFA) to evaluate the measurement
component of these previously specified models. CFA identified several model components that
did not fit the data well, so I respecified (i.e., made theoretically consistent, minor changes to)
the measurement model based on these empirical findings. | then modified the specified first-
year grades and creativity models specified (Figure 4 and Figure 5) to incorporate these changes.

Next, | estimated the models and evaluated the results (Kline, 2016). | considered two-
factor and three-factor (latent variable) models for first-year grades, whereas | considered only
two-factor models for creativity. The estimation and evaluation steps for the first-year grades and
creativity models varied because the appropriateness of the estimation technique depends on the
indicator and outcome variable types, continuous or discrete (Kline, 2016). In some cases, |
compared the results of several estimation techniques, capitalizing on their strengths and
recognizing their limitations. This is described in detail later but summarized here. | used three
estimation techniques for the first-year grades two-factor model: (1) maximum likelihood (ML)
estimation, (2) ML estimation with multiple imputation, and (3) generalized SEM. | used two
estimation techniques for the first-year grades three-factor model (1) ML estimation and (2) ML
estimation with multiple imputation. | used a single estimation technique for the creativity
model: (1) generalized SEM.

After estimation and evaluation is respecification (Bauer & Curran, 2022), which
involves comparing the covariance matrix and the model-implied covariance matrix to
empirically identify potential model modifications that would improve the model fit to the data.
Modification indices and expected parameter changes enable an empirically-guided
reconsideration of theory; respecifying the model must be done carefully and consistent with

theory (Bauer & Curran, 2022).
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Lastly, | conducted mediation analyses (Bauer & Curran, 2022) using latent college
experience variables as mediators for academic success outcomes of first-year grades and
creativity. These analyses identify the degree to which different aspects of the college experience
(academic adjustment, faculty interaction, and sense of belonging) influenced the relationship
between the pre-college characteristic of ADHD and the academic success outcomes.

This chapter is organized in the following manner. First, I summarize the descriptive
statistics of students’ pre-college characteristics and experiences and academic success outcomes
in the data set. Second, | evaluate the data fit with the previously specified measurement model
(using confirmatory factor analysis) and respecify the measurement model. Third, | present the
SEM (model estimation, evaluation, and respecification) of the first-year grades models and the
subsequent mediation analysis of the latent college experience variables. Lastly, | present the
model estimation, evaluation, and respecification of the creativity model and the subsequent

mediation analysis.

5.1 Descriptive Statistics

5.1.1 Pre-college Characteristics & Experiences.

Table 12 summarizes incoming students’ pre-college characteristics and experiences in
the data set (n = 45,915). Of these students, approximately 4.5% (n = 2,082) reported a previous
ADHD diagnosis, 65.1% (n = 29,899) were females, 13.8% (n = 6,333) were first-generation
college students, and 23.1% (n = 10,624) identified as part of an underrepresented racial/ethnic
groups. The mean high school grade of these students was between a B+ and an A-, and students
receiving an average high school grade between a B and an A+ fell within one standard deviation
of the mean. The mean SAT or SAT-equivalent standardized test score was 1233.8, and the

standard deviation was 164.3. Additionally, most incoming students responded that they
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frequently accepted mistakes as part of the learning process (a proxy for resilience; n = 24,974),

and few answered that they never did (n = 937).

Table 12. Students’ pre-college characteristics and experiences (n = 45,915)

No Yes Missing
Neurodiversity n (%) n (%) n (%)
ADHD 41,656 (90.7) 2,082 (45) 2,177 (4.7)
Sociodemographic
Female 15,977 (34.8) 29,899 (65.1) 39 (0.1)
First-generation college student 38,362 (83.6) 6,333 (13.8) 1,220 (2.7)
Underrepresented racial/ethnic group 35,032 (76.3) 10,624 (23.1) 259 (0.6)
Academic Preparation and Performance
11 o Min Max
Average high school grade 6.7 1.2 1 8
Standardized test score 1233.8 164.3 400 1600
Student disposition
:?esil_ience (accepts mistakes as part of the Not at all Occasionally ~ Frequently Missing
earning process)
937 (2.0) 18,705 (40.7) 24,974 (54.4) 1,299 (2.8)

5.1.2 Academic Success.

Academic success outcome variables are from responses on the Your First College Year

(YFCY) survey students completed at the end of their first year of college. Table 13 provides

descriptive statistics for the academic success variables. Most students reported earning a B or

higher average grade in college (n = 31,474), as measured for the most recently completed term.

A few students (n = 242) reported not receiving college grades, so | excluded their responses

from further analysis. Approximately 13.3% (n = 6,098) of students rated their creativity in the

top 10% of students.
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Table 13. Students’ first-year academic success (n = 45,915)

What is your overall grade average (as of your most recently completed academic term)? n (%)
I did not receive grades in my courses 242 (0.5)
D 353 (0.8)
C 1,226 (2.7)
C+ 2,007 (4.4)
Overall grade average (CURRGPA) B- 3,378 (7.4)
B 7,459 (16.3)
B+ 7,719 (16.8)
A- 9,109 (19.8)
Aor A+ 7,187 (15.7)
missing 7,235 (15.8)

Rate yourself on each of the following traits as compared with the average person your age. We want the most
accurate estimate of how you see yourself.

Average or below 18,226 (39.7)

Creativity (CREATIVITY1) Above average 16,682 (36.3)
Top 10% 6,098 (13.3)

Missing 4,909 (11.7)

5.2 Measurement Model

SEMs can have a measurement and a structural component, and the measurement
component is comprised of latent and indicator variables (Kline, 2016). Separately evaluating the
previously specified measurement model fit can help identify the source (measurement or
structural) of any SEM model misspecifications (Bauer & Curran, 2022). As a preliminary step
to SEM, | explored the fit of the measurement model with two (academic adjustment and faculty
interaction) and three (academic adjustment, faculty interaction, and sense of belonging) latent
variables. | first considered the correlation matrix of the 13 indicator variables (i.e., the latent

variables’ measured variables); second, the estimation and evaluation of the CFA; and third,
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empirically-guided, theoretically-consistent respecifications of the measurement model. These

are all steps before SEM.

5.2.1 Indicator Variables.

Table 11 shows the correlation matrix (using listwise deletion for missing cases) of the 13
indicator variables for the three latent variables of academic adjustment, faculty interaction, and
sense of belonging. Weak correlations are those less than .40, moderate between .40 to .59, and
strong between .60 and .79 (Akoglu, 2018). Spearman’s correlations (rs) among the four
academic adjustment indicators ranged from .33 to .64 (weak to strong), and the sense of
belonging correlations ranged from .48 to .79 (moderate to strong). The five faculty interaction
indicators had lower correlations (rs = .24 to .48; weak to moderate). The FACCONTACT
indicator variable weakly correlated with indicators of constructs other than faculty interaction
(PROFEXPECT, rs = .29; sense of belonging indicators, rs > .30), suggesting the inadequacy of

this item as a single latent variable indicator.

88



Table 14. Spearman correlations, rs, for the three latent variables’ indicator variables (n =
32,235; listwise deletion)

Academic adjustment Instructor-student interaction Sense of belonging
a) Y a)
%] < L - (@] ]
o - = (<'ED L m 2() m| g =
w = L %) s
4 n = < = > i = z 0 2 2 @)
w > wn = 2 o LL o o m 2 2 Q
LL a) ] I} @) < o] ) O s T
e 2 3 = § ¢ ¢ § g w g g °
T & < = 0w 0w iy w w > O o
PROFEXPECT 1.00
STUDYSKILLS 45 1.00
ADJUSTDEMAND 43 .64 1.00
TIMEMANAGE .33 .61 .64 1.00
FACOUT .06 .08 .06 .06 1.00
FACADVISE 06 .09 .06 .05 .34 1.00
FACOFFICE 03 .08 .02 .05 48 .37 100
FACCOMM A3 .15 12 10 32 36 .31 1.00
FACCONTACT 29 23 20 .16 26 29 24 36 1.00
MEMBER 19 15 A4 12 14 .18 A2 21 .37 1.00
CAMPUSBELONG .18 .15 13 12 12 16 11 19 35 .79 1.00
CAMPUSCOMM 15 A3 A1 10 A2 .16 A2 18 .30 .66 .67 1.00
RECOMMEND A7 11 09 07 07 11 06 .16 33 .58 .58 48 1.00

5.2.2 Two-Factor Confirmatory Factor Analysis.

| evaluated the model fit of the specified two-factor (faculty interaction and academic
adjustment) measurement model using CFA with listwise deletion (n = 32,542). The chi-square
model test statistic provides “preliminary evidence” of model fit or lack thereof (Kline, 2016)
and, for this model, indicated a lack of fit (x?(26) = 5824.61, p < .0001). However, with high
power due to large sample sizes, “trivial differences” can result in a significant chi-square test
statistic (Kline, 2016, p. 265). Overall, the fit indices for the two-factor measurement model also
suggested a borderline adequate model fit (CFI =.928; TLI =.900; RMSEA = .083, 90% ClI

[.081, .085], pciose < .001; SRMR =.061). CFI fell in the adequate range, and SRMR was in the
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preferred range. However, TLI was at the lower end of the adequate range, and the RMSEA was
not within the moderate range.

To empirically identify the model misspecifications suggested by the lack of model fit
and to guide theoretically-consistent model respecifications, | used a combination of
modification indices (Mls), expected parameter changes (EPCs), and standardized expected
parameter changes (SEPCs; Kline, 2016; Whittaker, 2012). When dictated by high Mls and
SEPCs (see Methods), and only when consistent with theory (Bauer & Curran, 2022), | freely
estimated parameters one at a time (i.e., modified the model by adding paths between variables).

In the specified measurement model, an omitted path from the academic adjustment to
FACCONTACT had one of the largest Mls (1254.95) and a SEPC greater than 0.2 (0.206; EPC =
0.171). The high MI and SEPC indicate an improved model fit with the data with the addition of
a path that connects academic adjustment and FACCONTACT. Adding this path would allow
FACCONTACT to cross-load on the latent variables, academic adjustment and faculty
interaction. Students’ academic adjustment in college is likely related to their satisfaction with
the amount of faculty contact; students highly adjusted to college academics may feel more
comfortable with less faculty contact or may be more willing to reach out to faculty when
academically necessary. | chose to drop FACCONTACT from the measurement model because of
this cross-loading, plus the availability of four other faculty interaction indicator variables.
Furthermore, FACCONTACT also had the lowest communality (h? = .2169) of the faculty
interaction indicator variables.

| then estimated the respecified measurement model, and the fit improved, ¥%(19) =
2417.18, p <.0001, with a CFl of .967, and TLI of .951 (now in the preferred range). The

RMSEA (.062, 90% CI [.060, .064], pciose < .001) shifted into the good range, and the SRMR
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(.037) remained in the preferred range. Yet, as evident from the model chi-square test statistic,
multiple large MIs remained, indicating additional potential model misspecifications. Allowing
the residuals of FACOUT (frequency of interaction with faculty outside of class and office hours)
and FACOFFICE (frequency of interaction with faculty in office hours) to covary had the largest
MI (1,115.32) and SEPC (0.561; EPC = 0.474). Because the frequency of students’ interactions
with faculty during office hours (FACOFFICE) and outside of class and office hours (FACOUT)
may relate to the amount of time the student has available outside of class (e.g., due to family or
job responsibilities), I allowed these residuals to covary. This allows the unexplained variance of
the two indicator variables to correlate and suggests a common cause or relationship between the
two indicator variables distinct from the latent variables underlying construct (Bauer & Curran,
2022).

Estimating the respecified model resulted in ¥?(19) = 1375.85, p < 0.001 and preferred fit
indices (CFI =.981; TLI =.971; RMSEA =.048, 90% CI [.046, .050], pciose = .925; SRMR =
.027). However, some MIs, EPCs, and SEPCs remained high, again suggesting additional model
misspecification. Covarying residuals of the academic adjustment indicator variables’ had the
four highest Mls: STUDYSKILLS and TIMEMANAGE (M1 = 617.749, EPC = -0.1002, SEPC = -
0.4508), TIMEMANAGE and ADJUSTDEMAND (MI = 426.450, EPC = -0.083, SEPC = -0.323),
PROFEXPECT and STUDYSKILLS (Ml =303.382, EPC = 0.0367, SEPC = 0.1310), and
TIMEMANAGE and PROFEXPECT (Ml = 635.063, EPC = -0.0565, SEPC = -0.1771). From
these, | chose to drop the ADJUSTDEMAND because of the high magnitude of the SEPCs and
because it is a more general measure of academic adjustment, not specific to a skill. Three
academic adjustment indicator variables remained (two are necessary for model identification;

Bauer & Curran, 2022).
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The fit of the respecified measurement model fit improved (CFI =.991; TLI =.984;
RMSEA =.033, 90% CI [ .030, .036], pclose = 1.000; SRMR =.021), although the chi-square test
statistic remained high, ¥?(12) = 435.27, p < 0.001. The high MIs were for academic adjustment
predictive of FACCOMM (Ml = 191.256, EPC = 0.03928, SEPC = 0.0831) and the covariance of
PROFEXPECT and FACCOMM residuals (M1 = 162.724, EPC = 0.018, SEPC = 0.0793).
Neither had a SEPC above 0.1. Consistent with these empirically-driven suggestions for model
respecification, a theoretical relationship between communicating regularly with professors
(FACCOMM), understanding professors’ expectations (PROFEXPECT), and student’s academic
adjustment is plausible. Because of this potential cross-loading and the theoretical support for the
cross-loading, 1 opted to drop FACCOM (h? = .3194) from the measurement model, allowing
three faculty interaction indicator variables to remain.

Estimating the measurement model without FACCOM resulted in y?(7) = 85.32, p <
0.001 and excellent fit indices (CFI =.998; TLI =.997; RMSEA = .017, CI [.014, .020], pclose =
1.000; SRMR =.007). Thus, I did not make further changes. The four remaining Mls exceeding
10 (Bauer & Curran, 2022) indicated adding a covariance among error terms (PROFEXPECT
and FACOUT, MI =40.201, EPC = 0.0218; SEPC = 0.0328; PROFEXPECT and FACOFFICE,
MI = 36.688, EPC = -0.0186, SEPC = -0.0320; STUDYSKILLS and FACOUT, Ml = 19.174, EPC
=-0.0151, SEPC =-0.0420); TIMEMANAGE and FACADVISE, MI = 20.022, EPC = -0.0085,
SEPC =-0.0282). They all had EPCs less than 0.05, so | did not consider further model
respecifications.

In the final measurement model, the two latent variables, faculty interaction and
academic adjustment, each had three indicator variables, as shown in Figure 11 and Table 15.

Faculty interaction predicts the frequency with which students interact with faculty during office
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hours (FACOFFICE), seek advice from faculty (FACADVISE), and interact with faculty outside

of office hours and class (FACOUT). Academic adjustment predicts the ease with which students

understand their professors’ expectations (PROFEXPECT), manage their time (TIMEMANAGE),

and rate their study skills (STUDYSKILLS). All indicators had factor loadings of .5 or larger,

indicating they were adequate indicator variables (Watkins, 2022) for faculty interaction and

academic adjustment.

Figure 11. Two-factor measurement model, standardized
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Table 15. Two-factor latent variable measurement model CFA, standardized

Coefficient Standard error z p 95% conf. interval

ACADEMICADJUSTMENT

PROFEXPECT 0.501 0.005 110.78 <.001 0.492 0.510

TIMEMANAGE 0.685 0.004 158.45 <.001 0.676 0.693

STUDYSKILLS 0.915 0.005 197.58 <.001 0.906 0.924
FACULTYINTERACTION

FACOUT 0.543 0.017 32.73 <.001 0.510 0.575

FACADVISE 0.621 0.018 33.83 <.001 0.585 0.657

FACOFFICE 0.582 0.017 33.3 <.001 0.548 0.616

var(e.PROFEXPECT) 0.749 0.005 0.740 0.758

var(e.STUDYSKILLS) 0.163 0.008 0.148 0.181

var(e. TIMEMANAGE) 0.531 0.006 0.519 0.543

var(e.FACOUT) 0.705 0.018 0.671 0.742

var(e.FACADVISE) 0.615 0.023 0.572 0.661

var(e.FACOFFICE) 0.661 0.020 0.623 0.703

var(ACADEMICADJUSTMENT) 1.000 (constrained)

var(FACULTYINTERACTION) 1.000 (constrained)

cov(e.FACOUT,e.FACOFFICE) 0.277 0.020 13.86 <.001 0.238 0.316

COV(ACADEMICADIUSTMENT, 0.159 0.007 22.62 <.001 0.145 0.172

FACULTYINTERACTION)
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The ratio of the model chi-square to the degrees of freedom is high for the final
measurement model. It is approximately 12, compared to the more generally accepted range of
two to five for acceptable model fits (Hooper et al., 2008). However, the chi-square test statistic,
and therefore this ratio, increases with sample size (Bauer & Curran, 2022; Hooper et al., 2008;
Kline, 2016). The large sample size is likely a substantial contributor to the large chi-square
statistic and this higher-than-expected ratio. In other words, the high ratio does not necessarily
indicate a poor model fit but instead results from the sample’s high power and ability to identify
“trivial” model misspecifications (Kline, 2016, p. 265). For the two-factor measurement model, |
attributed the significant p-value and high degrees of freedom to the chi-square test statistic ratio
to the large sample size (n = 45,915).

For models with high modification indices, a high ratio of degrees of freedom to the chi-
square test statistic, or a significant p-value, Kline (2016) recommends a more thorough
investigation. To more thoroughly investigate this, | conducted a statistical exercise using CFA
to explore the role of sample size on the p-value and ratio of chi-square to degrees of freedom. |
verified my model respecification decisions by conducting CFA using random subsets of 5% (n
=2,296) and 10% (n = 4,592) of the original sample. In both cases, this resulted in two-factor
measurement models with a structure identical to Figure 11. The ratios of the degrees of freedom
to chi-square test statistic decreased to approximately 1 and 2.5 (p =.0129), respectively. This

exercise provided additional support of an adequate SEM fit with the data set.

5.2.3 Three-Factor Confirmatory Factor Analysis.

In specifying the three-factor measurement model, | added the sense of belonging latent
variable to the two-factor model in Figure 11. Then, | estimated and evaluated the model fit. The

chi-square statistic, ¥*(31) = 1117.03, p < 0.0001, from the CFA suggested a lack of model fit,
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whereas the fit indices indicated the opposite (CFI =.992; TLI =.989; RMSEA =.030, CI [.029,
.032], pciose = 1.000; SRMR =.027). The omitted path between sense of belonging and
PROFEXPECT had the largest M1 (591.129) and a SEPC of greater than 0.1 (0.1197, EPC =
0.0821). This suggests that allowing PROFEXPECT to cross-load on two latent variables,
academic adjustment and sense of belonging, would improve the model fit. The covariance of the
STUDYSKILLS and TIMEMANAGE residuals exhibited the second-largest Ml (469.791) and a
very large SEPC (1.767; EPC = 0.3754). This may suggest that TIMEMANAGE and
STUDYSKILLS share variance unrelated to academic adjustment, such as a student’s lack of
interest in their academics. Because of this, | chose to allow the residuals of STUDYSKILLS and
TIMEMANAGE to covary.

After this, I did not further respecify the model because the fit indices suggested an
excellent model fit, and the MIs/SEPCs did not dictate further theoretically-supported changes to
the model. Figure 12 and Table 16 show the final three-factor measurement model. The chi-
square model test statistic, x?(30) = 614.64, p < .001, is significant, whereas the fit indices
suggested a preferred model fit (CFI =.996; TLI =.994; RMSEA =.023, CI [.021, .024], pclose =
1.000; SRMR =.013). The largest MI was for the omitted covariance of PROFEXPECT and
RECOMMEND residuals (M1 = 205.155, EPC = 0.025, SEPC=0.095), followed by
PROFEXPECT'’s cross-loading with faculty interaction (MI = 96.283, EPC = -0.0585, SEPC = -
0.0852) and sense of belonging (M1 = 96.284, EPC = 0.1545, SEPC = 0.2252).

Like the two-factor measurement model, | verified the three-factor measurement model
respecification decisions with a statistical exercise using a subset of my sample. A CFA with a
10% subsample resulted in the same paths as the model shown in Figure 12. The ratio of the chi-

square test statistic to the degrees of freedom was approximately three (p <.001). Further
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decreasing the subsample size (n = 972) resulted in an increased, but still significant, p-value
(.0228). This exercise indicates that the high ratio of the chi-square test statistic to the degrees of

freedom is attributable to the large sample size, and not a poor model fit.

5.2.4 Summary.

This set of CFAs investigated the fit of the two- and three-factor measurement models of
the specified SEMs. After minor model respecifications consistent with theory, the two- and
three-factor measurement models fit the data well; the fit indices fell in the preferred range. A
thorough analysis of the chi-square test statistic to degrees of freedom ratio suggested an
adequate model fit. If the specified two- and three-factor SEMs in the next section exhibit
substantial model misspecification, the misspecification originates from the structural

component.
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Figure 12. Three-factor measurement model, standardized solution
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Table 16. Three-factor measurement model, standardized solution

Coefficient Standard error z p 95% confidence interval

ACADEMICADJUSTMENT

PROFEXPECT 0.712 0.010 70.36 <.001 0.692 0.731

TIMEMANAGE 0.481 0.008 57.87 <.001 0.464 0.497

STUDYSKILLS 0.643 0.009 68.54 <.001 0.624 0.661
FACULTYINTERACTION

FACOUT 0.494 0.010 51.06 <.001 0.475 0.513

FACADVISE 0.687 0.012 58.17 <.001 0.663 0.710

FACOFFICE 0.524 0.010 54.15 <.001 0.505 0.543
SENSEOFBELONG

MEMBER 0.894 0.002 566.75 <.001 0.891 0.897

CAMPUSBELONG 0.896 0.002 573.39 <.001 0.893 0.899

CAMPUSCOMM 0.764 0.002 316.06 <.001 0.759 0.769

RECOMMEND 0.670 0.003 217.65 <.001 0.664 0.676
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Table 16, cont. Three-factor measurement model, standardized solution

Coefficient Standard ; b 95%. confidence
error interval

var(e.PROFEXPECT) 0.494 0.014 0.466 0.523
var(e. TIMEMANAGE) 0.769 0.008 0.753 0.785
var(e.STUDYSKILLS) 0.587 0.012 0.564 0.611
var(e.FACOUT) 0.756 0.010 0.737 0.775
var(e.FACADVISE) 0.529 0.016 0.498 0.561
var(e.FACOFFICE) 0.725 0.010 0.706 0.745
var(e. MEMBER) 0.201 0.003 0.196 0.207
var(e. CAMPUSBELONG) 0.197 0.003 0.191 0.202
var(e. CAMPUSCOMM) 0.416 0.004 0.409 0.423
var(e.RECOMMEND) 0.551 0.004 0.543 0.560
var(ACADEMICADJUSTMENT) 1 (constrained)

var(FACULTYINTERACTION) 1 (constrained)

var(SENSEOFBELONG) 1 (constrained)

cov(e.STUDYSKILLS,e. TIMEMANAGE) 0.472 0.008 62.62 <.001 0.457 0.487
cov(e.FACOUT,e.FACOFFICE) 0.331 0.009 36.56 <.001 0.314 0.349
cov(ACADEMICADJUSTMENT,FACULTYINTERACTION) 0.167 0.009 19.56 <001 0.150 0.184
cov(ACADEMICADJUSTMENT,SENSEOFBELONG) 0.287 0.006 45.47 <.001 0.274 0.299
cov(FACULTYINTERACTION,SENSEOFBELONG) 0.261 0.007 38.70 <.001 0.248 0.274
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5.3 Structural Equation Modeling

In this section, | describe the estimation, evaluation, and respecification of SEMs for
first-year grades and creativity, and then | present my mediation analysis. As previously
described, the measurement component of SEM exhibited an excellent fit with the data after
respecification; therefore, SEM modifications focus on the structural paths. After estimating and
evaluating the SEM, | used Mls and SEPCs to identify potential model misspecifications (i.e.,
model components that do not fit the data well). If supported by theory, | respecified or added a
path to the model.

Additionally, I explored further SEM complexities related to how the model is estimated.
Stata offers two general SEM methods: structural equation modeling (sem) and generalized
structural equation modeling (gsem; StataCorp., 2021a). These methods are typically used with
continuous and discrete endogenous variables, respectively, and they have different
methodological limitations and post-estimation options. The sem command handles all
endogenous variables as continuous but offers powerful post-estimation options (e.g., fit
statistics and MIs). The gsem command appropriately handles discrete endogenous variables but
is more computationally intensive; converging on a solution is difficult with increasing numbers
of latent variables; and its post-estimation commands are limited.

In the following sections, | present the estimation, evaluation, and, if applicable,
respecification of two- and three-factor SEMs for first-year grades. Then, | detail the mediation
analysis for multiple two- and three-factor first-year grades SEMs. And finally, | describe the

estimation and evaluation of two-factor creativity SEMs, and then the mediation analysis.
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5.3.1 First-year college grades.

In specifying the first-year grades SEM, | incorporated the findings from the two- and
three-factor measurement model CFAs into the previously specified two- and three-factor SEMs
(Figure 5 and Figure 4, respectively). This resulted in including only three of the four indicator
variables for each academic adjustment and faculty interaction and allowing residuals to covary
for two pairs of indicator variables (TIMEMANAGE and STUDYSKILLS; FACOUT and
FACOFFICE) in the first-year grades SEMs.

| estimated a series of two-factor and three-factor SEMs for first-year grades that took
advantage of the strengths of different estimation methods. First, | present the results of a two-
factor SEM estimated assuming (1) continuous exogenous latent variables (sem command using
maximum likelihood estimation; ML) with listwise deletion (i.e., incomplete responses are not
included in the analysis). I then evaluated the model fit and respecified the model. Next, | present
the results of the respecified two-factor SEMs estimated assuming (2) continuous exogenous
latent variables (sem command with ML) with multiple imputation (i.e., path coefficients
averaged across 30 imputed data sets) and (3) ordinal exogenous latent variables (gsem
command) with “equationwise” deletion (StataCorp., 2021a, p. 49).

Then, | present the results of a three-factor SEM estimated, evaluated, and respecified
assuming (1) continuous exogenous latent variables (sem command with ML) with listwise
deletion. Then, I present the results of that respecified SEM estimated (2) assuming continuous
exogenous latent variables (sem command with ML) with multiple imputation. Ultimately, the

results are similar across all of the estimation methods for the two- and three-factor models.
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5.3.1.1 Two-Factor Structural Equation Models.

5.3.1.1.1 SEM Estimation, Evaluation, and Respecification with ML.

Figure 13 shows the specified two-factor, first-year grades SEM with the modifications
from the CFA findings. Estimation and evaluation of a two-factor SEM created assuming
continuous, exogenous latent variables with listwise deletion (n = 27,410) exhibited an adequate
fit: CFl =.957, TLI =.940, RMSEA =.030, CI [.029, .032], pclose = 1.000, and SRMR =.024,
and the chi-square, ¥?(65) = 2115.23, p < 0.001. The largest M1 indicated freely estimating
parameters between faculty interaction and campus belonging (faculty interaction to
CAMPUSBELONG, MI =502.39, SEPC = 0.18; CAMPUSBELONG to faculty interaction, Ml =
501.52, SEPC = 0.18; covarying the residuals, MI = 502.39, SEPC = 0.18). | chose to add a path
from faculty interaction to CAMPUSBELONG because there is a theoretical basis for faculty
interactions improving students’ sense of belonging (Miller et al., 2019).

Model estimation and evaluation after this respecification indicated the model fit had
improved, ¥?(64) = 1607.201, p < 0.001, and the fit indices fell into the preferred range: CFI =
968, TLI =.954, RMSEA = .030 CI[.028, .031], pciose = 1.000, and SRMR = .019. Although the
high SEPC indicated an added path between PROFEXPECT and STUDYSKILLS would have a
parameter of 0.32, the MI (89.52) was substantially smaller than the other remaining Mls. |
chose not to make further modifications to the model for two reasons: (1) the preferred fit indices
and (2) the absence of theoretically-consistent, empirically-driven suggestions for modifications.
Table 17 shows the unstandardized SEM results, and Table 18 and Figure 14 show the

standardized SEM results.
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Figure 13. Specified two-factor, first-year grades SEM
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In this final two-factor, first-year grades SEM estimated with maximum likelihood, all
direct model paths are statistically significant (p < .001). The direct paths to first-year grades
(CURRGPA) from high school grades (HSGPA_TFS), standardized test score (STANDTEST),
academic adjustment, and faculty interaction are positive; higher high school grades and pre-
college test scores and students’ ease of academic adjustment and frequency of interaction with
faculty are associated with higher first-year grades. In contrast, students with a prior ADHD
diagnosis earn, on average, lower first-year grades. However, the magnitude of this path
coefficient is relatively small, 0.218 or one-fifth of a grade change (on an 8-point scale) or 0.13

standard deviations (ccurrera = 1.65, therefore, 0.218/1.65).
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Table 17. Two-factor, first-year grades SEM (n = 27,410) using ML estimation, unstandardized

Structural Coefficient Standard error z p 95% confidence interval
CURRGPA
CAMPUSBELONG -0.068 0.013 -5.38 <.001 -0.093 -0.043
ACADEMICADJUSTMENT 0.651 0.011 60.2 <.001 0.629 0.672
FACULTYINTERACTION 0.059 0.011 5.27 <.001 0.037 0.081
ADHD -0.218 0.040 -5.45 <.001 -0.297 -0.140
HSGPA_TFS 0.433 0.008 55.34 <.001 0.418 0.449
STANDTEST 0.002 0.000 31.68 <.001 0.002 0.002
_cons 1.769 0.086 20.47 <.001 1.600 1.938
CAMPUSBELONG
ACADEMICADJUSTMENT 0.121 0.005 22.16 <.001 0.110 0.132
FACULTYINTERACTION 0.126 0.006 22.54 <.001 0.115 0.137
HSGPA_TFS 0.041 0.004 11.16 <.001 0.034 0.048
CFINANCONCERN -0.137 0.011 -12.9 <.001 -0.158 -0.117
_cons 2.713 0.027 99.13 <.001 2.659 2.766
ACADEMICADJUSTMENT
ADHD -0.195 0.035 -5.52 <.001 -0.264 -0.126
FEMALE 0.081 0.015 5.24 <.001 0.051 0.111
FIRSTGEN -0.144 0.023 -6.29 <.001 -0.189 -0.099
URMG -0.155 0.019 -8.32 <.001 -0.191 -0.118
HSGPA_TFS 0.086 0.007 12.3 <.001 0.072 0.099
STANDTEST 0.000 0.000 -4.63 <.001 0.000 0.000
RESILIENT_TFS 0.108 0.013 8.13 <.001 0.082 0.135
CFINANCONCERN -0.382 0.019 -20.63 <.001 -0.418 -0.346
FACULTYINTERACTION
ACADEMICADJUSTMENT 0.190 0.010 19.17 <.001 0.170 0.209
CFINANCONCERN 0.116 0.020 5.79 <.001 0.077 0.155
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Table 17, cont.. Two-factor, first-year grades SEM (n = 27,410) using ML estimation, unstandardized

95% confidence

Measurement Coefficient Standard error z p interval
ACADEMICADJUSTMENT
PROFEXPECT 0.382 0.005 78.38 <.001 0.372 0.391
TIMEMANAGE 0.512 0.007 70.04 <.001 0.498 0.526
STUDYSKILLS 0.605 0.007 89.96 <.001 0.592 0.618
FACULTYINTERACTION
FACOUT 0.650 0.016 40.98 <.001 0.619 0.681
FACADVISE 0.412 0.009 45.22 <.001 0.394 0.430
FACOFFICE 0.619 0.014 43.34 <.001 0.591 0.647
var(e.PROFEXPECT) 0.312 0.004 0.305 0.319
var(e.STUDYSKILLS) 0.244 0.007 0.231 0.259
var(e. TIMEMANAGE) 0.450 0.007 0.436 0.464
var(e.FACOUT) 1.303 0.022 1.260 1.347
var(e.FACADVISE) 0.200 0.007 0.186 0.215
var(e.FACOFFICE) 1.009 0.019 0.973 1.046
var(e. CURRGPA) 1.680 0.017 1.647 1.712
var(e. CAMPUSBELONG) 0.470 0.004 0.462 0.478
var(e.ACADEMICADJUSTMENT) 1 (constrained)
var(e.FACULTYINTERACTION) 1 (constrained)
cov(e.STUDYSKILLS,e. TIMEMANAGE) 0.098 0.006 15.73 <.001 0.086 0.110
cov(e.FACOUT e.FACOFFICE) 0.359 0.019 19.41 <.001 0.323 0.395
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Table 18. Two-factor, first-year grades SEM (n = 27,410) with ML estimation, standardized

Structural Coefficient Standard error z p 95% confidence interval
CURRGPA
CAMPUSBELONG -0.030 0.006 -5.38 <.001 -0.041 -0.019
ACADEMICADJUSTMENT 0.409 0.006 64.01 <.001 0.396 0.421
FACULTYINTERACTION 0.037 0.007 5.28 <.001 0.023 0.051
ADHD -0.028 0.005 -5.45 <.001 -0.038 -0.018
HSGPA_TFS 0.308 0.005 57.91 <.001 0.298 0.319
STANDTEST 0.173 0.005 32.16 <.001 0.163 0.184
_cons 1.084 0.055 19.7 <.001 0.976 1.191
CAMPUSBELONG
ACADEMICADJUSTMENT 0.173 0.008 224 <.001 0.158 0.188
FACULTYINTERACTION 0.179 0.008 22.88 <.001 0.163 0.194
HSGPA_TFS 0.066 0.006 11.19 <.001 0.054 0.078
CFINANCONCERN -0.078 0.006 -12.95  <.001 -0.089 -0.066
_cons 3.774 0.043 88.26 <.001 3.690 3.858
ACADEMICADJUSTMENT
ADHD -0.040 0.007 -5.53 <.001 -0.054 -0.026
FEMALE 0.038 0.007 5.25 <.001 0.024 0.052
FIRSTGEN -0.046 0.007 -6.3 <.001 -0.060 -0.032
URMG -0.061 0.007 -8.35 <.001 -0.075 -0.046
HSGPA_TFS 0.097 0.008 12.39 <.001 0.081 0.112
STANDTEST -0.037 0.008 -4.64 <.001 -0.053 -0.022
RESILIENT_TFS 0.057 0.007 8.16 <.001 0.043 0.071
CFINANCONCERN -0.151 0.007 -21.1 <.001 -0.165 -0.137
FACULTYINTERACTION
ACADEMICADJUSTMENT 0.191 0.010 19.86 <.001 0.172 0.210
CFINANCONCERN 0.046 0.008 5.8 <.001 0.031 0.062
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Table 18, cont. Two-factor, first-year grades SEM (n = 27,410) with ML, standardized

Measurement Coefficient Standard error z p 95% confidence interval

ACADEMICADJUSTMENT
PROFEXPECT 0.574 0.006 90.73 <.001 0.562 0.586
TIMEMANAGE 0.616 0.008 79.63 <.001 0.601 0.632
STUDYSKILLS 0.782 0.007 108.41 <.001 0.768 0.796

FACULTYINTERACTION
FACOUT 0.502 0.012 42.33 <.001 0.478 0.525
FACADVISE 0.684 0.014 47.87 <.001 0.656 0.712
FACOFFICE 0.619 0.014 43.34 <.001 0.591 0.647
var(e.PROFEXPECT) 0.671 0.007 0.656 0.685
var(e. TIMEMANAGE) 0.620 0.010 0.602 0.639
var(e.STUDYSKILLYS) 0.389 0.011 0.367 0.411
var(e.FACOUT) 0.748 0.012 0.725 0.772
var(e.FACADVISE) 0.532 0.020 0.495 0.571
var(e.FACOFFICE) 0.717 0.013 0.693 0.742
var(e. CURRGPA) 0.630 0.005 0.620 0.641
var(e. CAMPUSBELONG) 0.909 0.004 0.901 0.917
var(e. ACADEMICADJUSTMENT) 0.951 0.003 0.945 0.957
var(e.FACULTYINTERACTION) 0.964 0.004 0.957 0.971
cov(e.STUDYSKILLS,e. TIMEMANAGE) 0.295 0.013 21.92 0 0.268 0.321
cov(e.FACOUT,e.FACOFFICE) 0.313 0.012 27.11 <.001 0.291 0.336
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Figure 14. Two-factor, first-year grades SEM (ML estimation), standardized
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5.3.1.1.2 SEM Estimation with ML with Multiple Imputation.

In estimating the second two-factor, first-year grades SEM, | used multiple imputed data
(Appendix A) to include as many responses as possible. In estimation, | dropped responses
missing on FEMALE (n = 9), underrepresented racial/ethnic group (n = 175), financial concerns
(n=31), and ADHD (n = 2,177) instead of using multiple imputed values. | specified the SEM
paths based on the SEM with ML findings shown in Figure 14. Table 19 shows the
unstandardized results; all paths are statistically significant (p <.001). The direct path
coefficients are similar in direction to the two-factor, first-year grades SEM using ML, but there
are minor differences in magnitude. For example, the unstandardized path coefficient from high
school grades (HSGPA_TFS) to academic adjustment is smaller (0.076, 95% CI [0.065, 0.088] v.
0.086, 95% CI [0.072, 0.099]), and the unstandardized path coefficient from ADHD to academic
adjustment is less negative (-0.172, 95% CI [-0.230, -0.115] v. -0.195, 95% CI [-0.264, -0.126];
Table 17; Table 19). The direct path coefficient from ADHD to CURRGPA remains small and
negative (-0.203), indicating slightly lower grades earned on average by students with ADHD.

5.3.1.1.3 GSEM Estimation.

| estimated the model using the generalized linear framework to assess changes within
first-year grades SEM when estimated using appropriate modeling of ordinal indicator variables
(e.g., TIMEMANAGE), instead of treating them as continuous (gsem; StataCorp., 2021a; Table
9). The a priori model differed slightly from those in Figure 14 and Figure 15 because indicators
in generalized models do not have error terms (StataCorp., 2021a). Therefore, in the specified
model, the TIMEMANAGE and STUDYSKILLS and FACOUT and FACOFFICE residuals cannot
covary. In the estimated model, shown in Table 20, the direct paths’ coefficients are similar in

direction and magnitude to the previous two two-factor SEMs (ML, Table 17; ML with multiple
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imputation, Table 19). There are differences in the first-year grades generalized SEM results: the
path from CAMPUSBELONGING to CURRGPA is no longer statistically significant (p = .242),
and the direct path from ADHD to CURRGPA is slightly more negative (unstandardized path
coefficient; -0.241, 95% CI [-0.319, -0.164] compared to -.218, 95% CI [-0.297, -0.140]),
although still relatively small compared to the standard deviation of first-year grades (1.65).

5.3.1.1.4 Summary.

Table 21 summarizes the path coefficients and 95% confidence intervals for the direct
paths to CURRGPA to compare the three estimated two-factor, first-year grades SEMs (ML, ML
with multiple imputation, and generalized SEM). All direct paths are statistically significant (p <
.001) except for the path from CAMPUSBELONG to CURRGPA in the generalized SEM (p =
.242). The signs of the direct path coefficients are the same in all three models, and the
magnitudes are similar. However, the 95% confidence intervals only overlap for a few path
coefficients. In the generalized SEM, the academic adjustment, faculty interaction, and
CAMPUSBELONG path coefficients are smaller in magnitude, whereas the ADHD and
HSGPA_TFS path coefficients are larger in magnitude. Overall, the three two-factor, first-year

grades SEMs are similar regardless of the estimation method.
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Table 19. Two-factor, first-year grades SEM (n = 43,523) using ML with multiple imputation, unstandardized

Structural Coefficient Standard error t p 95% confidence interval
CURRGPA
CAMPUSBELONG -0.073 0.011 -6.88 <.001 -0.094 -0.052
ACADEMICADJUSTMENT 0.629 0.009 66.52 <.001 0.610 0.647
FACULTYINTERACTION 0.067 0.010 6.84 <.001 0.048 0.086
ADHD -0.203 0.033 -6.15 <.001 -0.268 -0.138
HSGPA_TFS 0.404 0.007 61.37 <.001 0.392 0.417
STANDTEST 0.002 0.000 34.70 <.001 0.002 0.002
_cons 2.007 0.073 27.36 <.001 1.863 2.151
CAMPUSBELONG
ACADEMICADJUSTMENT 0.126 0.005 27.130 <.001 0.117 0.135
FACULTYINTERACTION 0.135 0.005 27.030 <.001 0.125 0.145
HSGPA_TFS 0.042 0.003 13.080 <.001 0.036 0.049
CFINANCONCERN -0.141 0.009 -15.560 <.001 -0.158 -0.123
_cons 2.700 0.023 117.170 <.001 2.655 2.746
ACADEMICADJUSTMENT
ADHD -0.172 0.029 -5.890 <.001 -0.230 -0.115
FEMALE 0.079 0.013 6.200 <.001 0.054 0.105
FIRSTGEN -0.110 0.018 -6.000 <.001 -0.146 -0.074
URMG -0.144 0.015 -9.590 <.001 -0.173 -0.114
HSGPA_TFS 0.076 0.006 13.290 <.001 0.065 0.088
STANDTEST 0.000 0.000 -6.170 <.001 0.000 0.000
RESILIENT_TFS 0.112 0.011 10.090 <.001 0.090 0.133
CFINANCONCERN -0.356 0.015 -23.630 <.001 -0.385 -0.326
FACULTYINTERACTION
ACADEMICADJUSTMENT 0.182 0.008 21.47 <.001 0.165 0.198
CFINANCONCERN 0.106 0.016 6.500 <.001 0.074 0.138
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Table 19, cont. Two-factor, first-year grades SEM (n = 43,523) using ML with multiple imputation, unstandardized

Measurement Coefficient Standard error t p 95% confidence interval
ACADEMICADJUSTMENT
PROFEXPECT 0.385 0.004 88.28 <.001 0.377 0.394
TIMEMANAGE 0.517 0.006 81.94 <.001 0.505 0.529
STUDYSKILLS 0.612 0.006 102.84 <.001 0.601 0.624
FACULTYINTERACTION
FACOUT 0.651 0.013 48.87 <.001 0.625 0.677
FACADVISE 0.414 0.008 53.17 <.001 0.399 0.429
FACOFFICE 0.625 0.012 52.23 <.001 0.602 0.649
var(e.PROFEXPECT) 0.317 0.003 0.311 0.324
var(e. TIMEMANAGE) 0.450 0.006 0.437 0.462
var(e.STUDYSKILLS) 0.239 0.006 0.227 0.252
var(e.FACOUT) 1.335 0.019 1.299 1.372
var(e.FACADVISE) 0.202 0.006 0.190 0.215
var(e.FACOFFICE) 1.050 0.016 1.019 1.081
var(e. CURRGPA) 1.688 0.014 1.661 1.716
var(e. CAMPUSBELONG) 0.478 0.004 0.471 0.486
var(e.ACADEMICADJUSTMENT) 1 (constrained)
var(e.FACULTYINTERACTION) 1 (constrained)
v(e.STUDYSKILLS,e.TIMEMANAGE) 0.094 0.006 16.58 <.001 0.083 0.105
cov(e.FACOUT e.FACOFFICE) 0.398 0.016 25.43 <.001 0.367 0.428
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Table 20. Two-factor, first-year grades SEM (n = 28,324) using generalized SEM, unstandardized

Coefficient Standard error z p 95% confidence interval
ACADEMICADJUSTMENT
PROFEXPECT 1.252 0.018 69.66 <.001 1.217 1.288
TIMEMANAGE 2.074 0.029 71.43 <.001 2.017 2.131
STUDYSKILLS 5.155 0.230 22.45 <.001 4.705 5.605
FACULTYINTERACTION
FACOUT 1.774 0.030 59.22 <.001 1.715 1.833
FACADVISE 1.326 0.023 58.77 <.001 1.281 1.370
FACOFFICE 1.972 0.035 56.73 <.001 1.904 2.040
CURRGPA
CAMPUSBELONG -0.014 0.012 -1.17 0.242 -0.037 0.009
HSGPA_TFS 0.441 0.008 57.17 <.001 0.425 0.456
STANDTEST 0.002 0.000 32.39 <.001 0.002 0.002
ADHD -0.241 0.039 -6.13 <.001 -0.319 -0.164
ACADEMICADJUSTMENT 0.588 0.010 61.69 <.001 0.569 0.607
FACULTYINTERACTION 0.055 0.010 5.43 <.001 0.035 0.075
_cons 1.623 0.083 19.49 <.001 1.460 1.786
CAMPUSBELONG
CFINANCONCERN -0.148 0.010 -14.34 <.001 -0.169 -0.128
HSGPA_TFS 0.045 0.004 12.44 <.001 0.038 0.052
ACADEMICADJUSTMENT 0.105 0.005 22.31 <.001 0.096 0.114
FACULTYINTERACTION 0.112 0.005 22.04 <.001 0.102 0.122
cons 2.711 0.026 103.52 <.001 2.660 2.762
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Table 20, cont. Two-factor, first-year grades SEM (n = 28,324) using generalized SEM, unstandardized

Coefficient Standard error z p 95% confidence interval

ACADEMICADJUSTMENT

ADHD -0.181 0.031 -5.79 <.001 -0.243 -0.120

FEMALE 0.035 0.014 2.58 0.01 0.008 0.062

FIRSTGEN -0.119 0.020 -5.82 <.001 -0.159 -0.079

URMG -0.137 0.017 -8.22 <.001 -0.169 -0.104

HSGPA_TFS 0.083 0.006 13.52 <.001 0.071 0.094

STANDTEST 0.000 0.000 -5.91 <.001 0.000 0.000

RESILIENT_TFS 0.099 0.012 8.30 <.001 0.075 0.122

CFINANCONCERN -0.327 0.016 -19.98 <.001 -0.359 -0.295
FACULTYINTERACTION

ACADEMICADJUSTMENT 0.151 0.008 19.18 <.001 0.136 0.167

CFINANCONCERN 0.079 0.017 4.65 <.001 0.046 0.112

var(e. ACADEMICADJUSTMENT) 1 (constrained)

var(e.FACULTYINTERACTION) 1 (constrained)

var(e. CURRGPA) 1.764 0.016 1.734 1.796

var(e. CAMPUSBELONG) 0.480 0.004 0.472 0.488
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Table 20, cont. Two-factor, first-year grades SEM (n = 28,324) using generalized SEM, unstandardized

Coefficient Standard error p>|z| 95% confidence interval

PROFEXPECT

cutl -4.723 0.101 -4.921 -4.525

cut2 -1.609 0.085 -1.775 -1.442

cut3 1.678 0.085 1.511 1.845
TIMEMANAGE

cutl -2.857 0.142 -3.134 -2.580

cut2 0.575 0.138 0.304 0.846

cut3 3.592 0.142 3.314 3.870
STUDYSKILLS

cutl -7.158 0.430 -8.000 -6.315

cut2 -0.215 0.343 -0.887 0.456

cut3 6.922 0.452 6.035 7.809
FACOUT

cutl -1.493 0.029 -1.550 -1.435

cut2 0.360 0.027 0.308 0.412

cut3 1.910 0.033 1.846 1.974

cutd 3.398 0.043 3.313 3.482

cuts 5.443 0.065 5.316 5.570
FACADVISE

cutl -1.784 0.026 -1.834 -1.733

cut2 2.040 0.027 1.986 2.094
FACOFFICE

cutl -3.361 0.046 -3.450 -3.271

cut2 -0.306 0.029 -0.363 -0.250

cut3 1.743 0.035 1.675 1811

cutd 3.406 0.047 3.313 3.498

cuts 5.500 0.069 5.364 5.637
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Table 21. Coefficients and 95% Cls for the direct paths of the two-factor, first-year grades SEMs

ML with multiple

(0.002, 0.002)

(0.002, 0.002)

ML imputation gsem
CURRGPA

CAMPUSBELONG -0.068 -0.073 -0.014
(-0.093, -0.043) (-0.094, -0.052) (-0.037, 0.009)

ACADEMICADJUSTMENT 0.651 0.629 0.588
(0.629, 0.072) (0.610, 0.647) (0.569, 0.607)

FACULTYINTERACTION 0.059 0.067 0.055
(0.037, 0.081) (0.048, 0.086) (0.035, 0.075)

ADHD -0.218 -0.203 -0.241
(-0.297, -0.140) (-0.268, -0.138) (-0.319, -0.164)

HSGPA_TFS 0.433 0.404 0.441
(0.418, 0.449) (0.392, 0.417) (0.425, 0.456)

STANDTEST 0.002 0.002 0.002

(0.002, 0.002)
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5.3.1.2 Three-Factor SEM.

In specifying the three-factor, first-year grades SEM (Figure 4), | replaced the
CAMPUSBELONG variable in the two-factor, first-year grades SEM (Figure 5) with the sense of
belonging latent variable. Like the two-factor SEM and consistent with the CFA findings (Figure
12), I incorporated modifications to the measurement portion of the model. Additionally, 1
included the path from faculty interaction to sense of belonging based on the two-factor SEM
results (Figure 14). Next, | present estimated two three-factor, first-year grades SEMs, one using
ML and another using ML with multiple imputation.

5.3.1.2.1 SEM Estimation and Evaluation with ML.

First, | estimated a three-factor, first-year grades SEM using an ML estimator (sem
command; n = 27,288; y?(111) = 2397.94, p < .001). Model evaluation suggested an excellent
model fit: CFl =.980, TLI =.974, RMSEA = .027 CI[.027, .028], pclose = 1.000, and SRMR =
.022. Table 22 and Table 23 show the unstandardized and standardized results, respectively.
Figure 15 also shows the standardized SEM results. Consistent with the two-factor, first-year
grades SEMs, the path coefficients from ADHD to CURRGPA and ADHD to academic
adjustment are negative (-0.218, 95% CI [-0.297, -0.139] and -0.194, 95% CI [-0.264, -0.124],
respectively), and the path coefficient from academic adjustment to CURRGPA is positive
(0.653, 95% CI [0.632, 0.674]).

5.3.1.2.2 SEM Estimation and Evaluation with ML with multiple imputation.

| also used the multiple imputed data to estimate, with an ML estimator, the three-factor,
first-year grades model. In estimation, | again excluded responses missing on FEMALE (n =9),
underrepresented racial/ethnic group (n = 175), financial concerns (n = 31), and ADHD (n =

2,177) instead of using multiple imputed values. Table 24 shows the unstandardized results. The
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magnitudes and signs of path coefficients were similar to the three-factor model with listwise

deletion; all paths were statistically significant (p <.001).

5.3.1.2.3 Summary.

The results of the three-factor, first-year grades SEMs are similar. Table 25 shows the
unstandardized path coefficients for both three-factor, first-year grades SEMs. The direct path
coefficients to CURRGPA, the path coefficients to the three college experience latent variables,
and the indicator variables factor loadings are similar among the two models. The 95%
confidence intervals of only two path coefficients (path from academic adjustment to CURRGPA
and HSGPA_TFS to CURRGPA) for SEM estimated with ML and the SEM estimated using ML
with multiple imputation do not overlap. The three-factor, first-year grades SEMs are also
similar to two-factor, first-year grades SEMs, and this is also evident in the mediation analysis

described in the following subsection.
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Table 22. Three-factor, first-year grades SEM (n = 27,288) using ML, unstandardized

Structural Coefficient Standard error z p 95% confidence interval
CURRGPA
ACADEMICADJUSTMENT 0.653 0.011 59.68 <.001 0.632 0.674
FACULTYINTERACTION 0.058 0.011 5.04 <.001 0.035 0.080
SENSEOFBELONG -0.038 0.009 -4.09 <.001 -0.056 -0.020
ADHD -0.218 0.040 -5.42 <.001 -0.297 -0.139
HSGPA_TFS 0.433 0.008 54.96 <.001 0.418 0.449
STANDTEST 0.002 0.000 31.53 <.001 0.002 0.002
_cons 1.581 0.080 19.77 <.001 1.424 1.738
ACADEMICADJUSTMENT
ADHD -0.194 0.036 -5.45 <.001 -0.264 -0.124
FEMALE 0.082 0.016 5.31 <.001 0.052 0.113
FIRSTGEN -0.145 0.023 -6.31 <.001 -0.190 -0.100
URMG -0.155 0.019 -8.28 <.001 -0.192 -0.118
HSGPA_TFS 0.085 0.007 12.13 <.001 0.071 0.099
STANDTEST 0.000 0.000 -4.62 <.001 0.000 0.000
RESILIENT_TFS 0.112 0.013 8.31 <.001 0.085 0.138
CFINANCONCERN -0.383 0.019 -20.55 <.001 -0.419 -0.346
FACULTYINTERACTION
ACADEMICADJUSTMENT 0.192 0.010 19.25 <.001 0.172 0.211
CFINANCONCERN 0.117 0.020 5.82 <.001 0.078 0.157
SENSEOFBELONG
ACADEMICADJUSTMENT 0.201 0.009 22.94 <.001 0.184 0.218
FACULTYINTERACTION 0.229 0.009 25.57 <.001 0.211 0.246
HSGPA_TFS 0.075 0.006 13.23 <.001 0.064 0.086
CFINANCONCERN -0.243 0.017 -14.64 <.001 -0.275 -0.210
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Table 22, cont. Three-factor, first-year grades SEM (n = 27,288) using maximum likelihood, unstandardized

Measurement Coefficient Standard error z p 95% confidence interval
ACADEMICADJUSTMENT
PROFEXPECT 0.385 0.005 78.66 <.001 0.376 0.395
TIMEMANAGE 0.506 0.007 69.51 <.001 0.492 0.520
STUDYSKILLS 0.598 0.007 89.54 <.001 0.585 0.612
FACULTYINTERACTION
FACOUT 0.653 0.015 43.58 <.001 0.623 0.682
FACADVISE 0.410 0.008 48.83 <.001 0.394 0.427
FACOFFICE 0.619 0.013 46.21 <.001 0.593 0.645
SENSEOFBELONG
MEMBER 0.559 0.003 173.9 <.001 0.553 0.566
CAMPUSBELONG 0.601 0.003 172.66 <.001 0.594 0.608
CAMPUSCOMM 0.482 0.003 141.27 <.001 0.476 0.489
RECOMMEND 0.447 0.004 118.73 <.001 0.440 0.455

121



Table 22, cont. Three-factor, first-year grades SEM (n = 27,288) using maximum likelihood, unstandardized

Coefficient Standard error z p 95% confidence interval
var(e.PROFEXPECT) 0.309 0.004 0.302 0.316
var(e.STUDYSKILLS) 0.251 0.007 0.238 0.265
var(e. TIMEMANAGE) 0.456 0.007 0.442 0.470
var(e.FACOUT) 1.299 0.021 1.259 1.341
var(e.FACADVISE) 0.201 0.007 0.188 0.215
var(e.FACOFFICE) 1.008 0.017 0.975 1.043
var(e. MEMBER) 0.088 0.001 0.086 0.091
var(e. CAMPUSBELONG) 0.104 0.002 0.101 0.107
var(e. CAMPUSCOMM) 0.184 0.002 0.180 0.188
var(e. RECOMMEND) 0.277 0.003 0.272 0.282
var(e. CURRGPA) 1.679 0.017 1.647 1.712
var(e. ACADEMICADJUSTMENT) 1 (constrained)
var(e.FACULTYINTERACTION) 1 (constrained)
var(e. SENSEOFBELONG) 1 (constrained)
cov(e.STUDYSKILLS,e. TIMEMANAGE) 0.105 0.006 17.08 <.001 0.093 0.117
cov(e.FACOUT ,e.FACOFFICE) 0.357 0.017 20.70 <.001 0.323 0.391
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Table 23. Three-factor, first-year grades SEM (n = 27,288) using maximum likelihood, standardized

Structural Coefficient Standard error z p 95% confidence interval
CURRGPA
ACADEMICADJUSTMENT 0.410 0.006 63.44 <.001 0.398 0.423
FACULTYINTERACTION 0.036 0.007 5.05 <.001 0.022 0.050
SENSEOFBELONG -0.025 0.006 -4.09 <.001 -0.037 -0.013
ADHD -0.028 0.005 -5.42 <.001 -0.038 -0.018
HSGPA_TFS 0.308 0.005 57.49 <.001 0.297 0.318
STANDTEST 0.173 0.005 32 <.001 0.162 0.184
_cons 0.968 0.051 18.98 <.001 0.868 1.069
ACADEMICADJUSTMENT
ADHD -0.040 0.007 -5.46 <.001 -0.054 -0.025
FEMALE 0.039 0.007 5.32 <.001 0.024 0.053
FIRSTGEN -0.046 0.007 -6.32 <.001 -0.061 -0.032
URMG -0.061 0.007 -8.3 <.001 -0.075 -0.046
HSGPA_TFS 0.096 0.008 12.23 <.001 0.081 0.112
STANDTEST -0.038 0.008 -4.63 <.001 -0.054 -0.022
RESILIENT_TFS 0.059 0.007 8.34 <.001 0.045 0.073
CFINANCONCERN -0.152 0.007 -21.02 <.001 -0.166 -0.137
FACULTYINTERACTION
ACADEMICADJUSTMENT 0.193 0.010 19.96 <.001 0.174 0.212
CFINANCONCERN 0.047 0.008 5.84 <.001 0.031 0.062
SENSEOFBELONG
ACADEMICADJUSTMENT 0.193 0.008 23.77 <.001 0.177 0.209
FACULTYINTERACTION 0.218 0.008 26.81 <.001 0.202 0.234
HSGPA_TFS 0.082 0.006 13.3 <.001 0.070 0.094
CFINANCONCERN -0.092 0.006 -14.73 <.001 -0.104 -0.080
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Table 23, cont. Three-factor, first-year grades SEM (n = 27,288) using maximum likelihood, standardized

Measurement Coefficient Standard error z p 95% confidence interval
ACADEMICADJUSTMENT
PROFEXPECT 0.579 0.006 91.29 <.001 0.567 0.592
TIMEMANAGE 0.609 0.008 78.93 <.001 0.594 0.625
STUDYSKILLS 0.774 0.007 107.92 <.001 0.760 0.789
FACULTYINTERACTION
FACOUT 0.504 0.011 45.32 <.001 0.482 0.526
FACADVISE 0.682 0.013 52.08 <.001 0.656 0.708
FACOFFICE 0.532 0.011 48.29 <.001 0.510 0.553
SENSEOFBELONG
MEMBER 0.896 0.002 483.56 <.001 0.892 0.899
CAMPUSBELONG 0.894 0.002 480.66 <.001 0.890 0.898
CAMPUSCOMM 0.769 0.003 271.28 <.001 0.763 0.774
RECOMMEND 0.672 0.004 184.75 <.001 0.665 0.679
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Table 23, cont. Three-factor, first-year grades SEM (n = 27,288) using maximum likelihood, standardized

Coefficient Standard error z p 95% confidence interval
var(e.PROFEXPECT) 0.664 0.007 0.650 0.679
var(e.STUDYSKILLS) 0.400 0.011 0.379 0.423
var(e. TIMEMANAGE) 0.629 0.009 0.610 0.647
var(e.FACOUT) 0.746 0.011 0.725 0.768
var(e.FACADVISE) 0.535 0.018 0.501 0.571
var(e.FACOFFICE) 0.717 0.012 0.695 0.740
var(e. MEMBER) 0.198 0.003 0.191 0.204
var(e. CAMPUSBELONG) 0.201 0.003 0.194 0.207
var(e. CAMPUSCOMM) 0.409 0.004 0.400 0.417
var(e. RECOMMEND) 0.548 0.005 0.538 0.558
var(e. CURRGPA) 0.630 0.005 0.619 0.641
var(e. ACADEMICADJUSTMENT) 0.951 0.003 0.945 0.957
var(e.FACULTYINTERACTION) 0.964 0.004 0.956 0.971
var(e. SENSEOFBELONG) 0.875 0.005 0.865 0.884
cov(e.STUDYSKILLS,e. TIMEMANAGE) 0.309 0.013 24.19 <.001 0.284 0.334
cov(e.FACOUT ,e.FACOFFICE) 0.312 0.011 28.67 <.001 0.290 0.333
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Figure 15. Three-factor, first-year grades SEM using a ML estimator, standardized
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Table 24. Three-factor, first-year grades SEM (n = 43,523) using ML and multiple imputation, unstandardized

Standard
Structural Coefficient error t p 95% confidence interval
CURRGPA
ACADEMICADJUSTMENT 0.632 0.010 66.06 <.001 0.613 0.650
FACULTYINTERACTION 0.067 0.010 6.70 <.001 0.047 0.086
SENSEOFBELONG -0.045 0.008 -5.63 <.001 -0.060 -0.029
ADHD -0.203 0.033 -6.13 <.001 -0.268 -0.138
HSGPA_TFS 0.405 0.007 61.26 <.001 0.392 0.418
STANDTEST 0.002 0.000 34.50 <.001 0.002 0.002
_cons 1.805 0.068 26.48 <.001 1.671 1.938
ACADEMICADJUSTMENT
ADHD -0.172 0.029 -5.86 <.001 -0.230 -0.115
FEMALE 0.083 0.013 6.43 <.001 0.057 0.108
FIRSTGEN -0.113 0.018 -6.11 <.001 -0.149 -0.076
URMG -0.144 0.015 -9.58 <.001 -0.174 -0.115
HSGPA_TFS 0.076 0.006 13.11 <.001 0.064 0.087
STANDTEST 0.000 0.000 -5.97 <.001 0.000 0.000
RESILIENT_TFS 0.114 0.011 10.29 <.001 0.093 0.136
CFINANCONCERN -0.358 0.015 -23.69 <.001 -0.388 -0.329
FACULTYINTERACTION
ACADEMICADJUSTMENT 0.183 0.008 21.53 <.001 0.166 0.199
CFINANCONCERN 0.107 0.016 6.56 <.001 0.075 0.139
SENSEOFBELONG
ACADEMICADJUSTMENT 0.208 0.007 28.06 <.001 0.193 0.223
FACULTYINTERACTION 0.238 0.008 30.68 <.001 0.223 0.253
HSGPA_TFS 0.078 0.005 15.56 <.001 0.068 0.088
CFINANCONCERN -0.248 0.014 -17.52 <.001 -0.275 -0.220
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Table 24, cont. Three-factor, first-year grades SEM (n = 43,523) using ML and multiple imputation, unstandardized

Measurement Coefficient Standard error t p 95% confidence interval
ACADEMICADJUSTMENT
PROFEXPECT 0.390 0.004 88.36 <.001 0.381 0.398
TIMEMANAGE 0.510 0.006 81.15 <.001 0.498 0.522
STUDYSKILLS 0.605 0.006 102.43 <.001 0.594 0.617
FACULTYINTERACTION
FACOUT 0.650 0.013 51.61 <.001 0.626 0.675
FACADVISE 0.415 0.007 56.49 <.001 0.400 0.429
FACOFFICE 0.624 0.011 55.12 <.001 0.601 0.646
SENSEOFBELONG
MEMBER 0.565 0.003 195.66 <.001 0.559 0.571
CAMPUSBELONG 0.608 0.003 201.19 <.001 0.602 0.614
CAMPUSCOMM 0.487 0.003 158.69 <.001 0.481 0.493
RECOMMEND 0.457 0.003 132.25 <.001 0.451 0.464
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Table 24, cont. Three-factor, first-year grades SEM (n = 43,523) using ML and multiple imputation, unstandardized

Coefficient Standard error t p 95% confidence interval

var(e.PROFEXPECT) 0.314 0.003 0.307 0.320
var(e. TIMEMANAGE) 0.457 0.006 0.445 0.470
var(e.STUDYSKILLS) 0.248 0.006 0.236 0.260
var(e.FACOUT) 1.335 0.018 1.301 1.370
var(e.FACADVISE) 0.202 0.006 0.191 0.213
var(e.FACOFFICE) 1.052 0.015 1.023 1.082
var(e. MEMBER) 0.091 0.001 0.088 0.093
var(e. CAMPUSBELONG) 0.103 0.001 0.101 0.106
var(e. CAMPUSCOMM) 0.191 0.002 0.187 0.194
var(e. RECOMMEND) 0.288 0.002 0.283 0.293
var(e. CURRGPA) 1.685 0.014 1.658 1.713
var(e. ACADEMICADJUSTMENT) 1 (constrained)

var(e.FACULTYINTERACTION) 1 (constrained)

var(e.SENSEOFBELONG) 1 (constrained)

cov(e.STUDYSKILLS,e. TIMEMANAGE) 0.102 0.006 18.21 <.001 0.091 0.113
cov(e.FACOUT ,e.FACOFFICE) 0.399 0.015 27.23 <.001 0.370 0.428
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Table 25. Comparison of path coefficients of the three-factor, first-year grades SEMs using ML (n = 27,288) and using ML with
multiple imputation (n = 43,523), unstandardized

Coefficient Coefficient
Structural ML ML, multiple imputation Measurement ML ML, multiple imputation
CURRGPA ACADEMICADJUSTMENT
ACADEMICADJUSTMENT  0.653 0.632 PROFEXPECT 0.385 0.390
FACULTYINTERACTION 0.058 0.067 TIMEMANAGE 0.506 0.510
SENSEOFBELONG -0.038 -0.045 STUDYSKILLS 0.598 0.605
ADHD -0.218 -0.203 FACULTYINTERACTION
HSGPA_TFS 0.433 0.405 FACOUT 0.653 0.650
STANDTEST 0.002 0.002 FACADVISE 0.410 0.415
ACADEMICADJUSTMENT FACOFFICE 0.619 0.624
ADHD -0.194 -0.172 SENSEOFBELONG
FEMALE 0.082 0.083 MEMBER 0.559 0.565
FIRSTGEN -0.145 -0.113 CAMPUSBELONG 0.601 0.608
URMG -0.155 -0.144 CAMPUSCOMM 0.482 0.487
HSGPA_TFS 0.085 0.076 RECOMMEND 0.447 0.457
STANDTEST 0.000 0.000
RESILIENT_TFS 0.112 0.114
CFINANCONCERN -0.383 -0.358
FACULTYINTERACTION
ACADEMICADJUSTMENT  0.192 0.183
CFINANCONCERN 0.117 0.107
SENSEOFBELONG
ACADEMICADJUSTMENT  0.201 0.208
FACULTYINTERACTION 0.229 0.238
HSGPA_TFS 0.075 0.078
CFINANCONCERN -0.243 -0.248
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5.3.1.3 Mediation Analysis.

A mediation analysis identifies the underlying mechanism mediating a relationship or, in
this case, the degree to which different aspects of the college experience (academic adjustment,
faculty interaction, and sense of belonging) influence the relationship between students’ pre-
college characteristics and experiences and academic success outcomes (Figure 9). SEMs can
include single or multiple mediating variables or indirect paths.

Figure 16 illustrates the four mediating pathways connecting ADHD to CURRGPA
(lavender) and the direct path from ADHD to CURRGPA (red) in the three-factor SEM. The first
mediating pathway goes through academic adjustment, and the second goes through faculty
interaction after traveling through academic adjustment. The third and fourth pathways go
through academic adjustment then through sense of belonging, the third traversing faculty
interaction before sense of belonging, to first-year grades (CURRGPA). The mediating pathways
are similar in the two-factor SEMs except the latter two proceed through CAMPUSBELONG
instead of sense of belonging.

Table 26 displays the coefficients and p-values for the mediating paths of the two-factor
SEM with ML; the two-factor generalized SEM; and the three-factor SEM with ML. | used the
delta method and bootstrapping to calculate standard errors. In all three SEMs, the indirect path
coefficient from ADHD through academic adjustment to CURRGPA is statistically significant (p
<.001) and is substantially larger than the other three indirect path coefficients. In contrast to the
SEMs estimated with maximum likelihood estimation, the indirect paths in the generalized SEM
through CAMPUSBELONG are not significant at conventional levels (p =.253, p = .254).

The academic adjustment college experience variable substantially mediates the

relationship between ADHD and CURRGPA. Table 26 shows the degree of mediation for the
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three SEMs which ranges from .306 to .367. This means that academic adjustment intervenes or
partially mediates (~33%) the relationship between ADHD and first-year grades (CURRGPA),
suggesting academic adjustment is an underlying mechanism. In other words, a mediator, or
academic adjustment in this case, reduces the strength of the direct relationship (Kenny, 2021)

between ADHD and first-year grades.

Figure 16. Mediating (lavender) and direct (red) paths of the three-factor SEM
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Table 26. First-year grades mediation analysis with standard errors (delta and bootstrapped)

Two-factor indirect (maximum likelihood) Coefficient Standard error z p 95% confidence interval
Delta
via academic adjustment -0.127 0.023 -5.49 <.001 -0.172 -0.082
via faculty interaction -0.002 0.001 -3.85 <.001 -0.003 -0.001
via campus belonging & faculty
interaction 0.000 0.000 3.74 <.001 0.000 0.000
via campus belonging 0.002 0.000 3.68 <.001 0.001 0.002
Mediation via academic adjustment .367
Bootstrap
via academic adjustment -0.127 0.024 -5.2 <.001 -0.175 -0.079
via faculty interaction -0.002 0.001 -3.84 <.001 -0.003 -0.001
via campus belonging & faculty
interaction 0.000 0.000 3.9 <.001 0.000 0.000
via campus belonging 0.002 0.000 3.78 <.001 0.001 0.002
Mediation via academic adjustment .367
Two-factor indirect (gsem)
Delta
via academic adjustment -0.107 0.018 -5.77 <.001 -0.143 -0.070
via faculty interaction -0.002 0.000 -3.95 <.001 -0.002 -0.001
via campus belonging & faculty
interaction 0.000 0.000 1.14 0.253 0.000 0.000
via campus belonging 0.000 0.000 1.14 0.254 0.000 0.001
Mediation via academic adjustment .306
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Table 26, cont. First-year grades mediation analysis with standard errors (delta and bootstrapped)

Three-factor indirect (maximum likelihood) Coefficient Standard error z p 95% confidence interval
Delta
via academic adjustment -0.127 0.023 -5.43 <.001 -0.172 -0.081
via faculty interaction -0.002 0.001 -3.74 <.001 -0.003 -0.001
via campus belonging &
faculty interaction 0.000 0.000 3.21 0.001 0.000 0.001
via campus belonging 0.001 0.000 3.15 0.002 0.001 0.002
Mediation via academic adjustment .367
Bootstrap
via academic adjustment -0.127 0.024 -5.27 <.001 -0.174 -0.080
via faculty interaction -0.002 0.001 -3.63 <.001 -0.003 -0.001
via campus belonging &
faculty interaction 0.000 0.000 3 0.003 0.000 0.001
via campus belonging 0.001 0.001 2.85 0.004 0.000 0.003
Mediation via academic adjustment .367
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5.3.1.4 Summary.

Structural equation modeling of first-year grades using a modified Bowman model
exhibited excellent fit with the multi-institutional HERI data from undergraduate students at
four-year higher education institutions. The five SEM estimation approaches resulted in similar
findings. The college experience, specifically academic adjustment, influenced first-year grades.
It is the key mediator between a previous ADHD diagnosis and first-year grades, exhibiting

partial mediation of approximately 33%.

5.3.2 Creativity.

Creativity is a non-traditional academic success measure, yet it is an important
characteristic for students in their future careers, particularly in science and engineering (Taylor
et al., 2020). 1 used my conceptual framework based on Terenzini and Reason’s (1995) college
impact model to specify three creativity SEMs. | specified the models using two latent variables,
faculty interaction and sense of belonging, because theoretically, these are more closely related
to creativity outcomes than academic adjustment. | compared the three SEMs results using the
Akaike information criterion (AIC) and Bayesian information criterion (BIC), indicators of
model fit (Long, 1997). Smaller values of AIC and BIC indicate a better fit of the data for that
model compared to a model with higher values.

The academic success outcome variable type dictated the SEM estimation method of the
creativity SEMs. Creativity (CREATIVITY1; students’ self-rating of their creativity) had three
response categories: average or below (n = 18,226), above average (n = 16,682), and top 10% (n
= 6,098). Generalized SEM (gsem) appropriately handles ordinal variables, and therefore, | used

the gsem method to estimate all three creativity SEMs. Next, | describe the specification,
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estimation, and evaluation for all three models in each subsection. For example, Estimation and
Evaluation includes the estimation of Model 1, Model 2, and Model 3.

5.3.2.1 Specification.

Model 1 included only one pre-college characteristic variable, whether a student had
received an ADHD diagnosis before college, and two college experience latent variables, faculty
interaction and sense of belonging. Therefore, Model 1 specified a single exogenous variable,
ADHD, and two latent variables, faculty interaction and sense of belonging, predicting
CREATIVITY1 (Figure 17). Model 2 included three other pre-college characteristics in addition
to ADHD (Figure 18). As specified, Model 2 had three additional exogenous variables,
FEMALE, FIRSTGEN, and URMG, with paths to the two latent variables, faculty interaction and
sense of belonging, and not CREATIVITY1. Model 3 had direct paths from all pre-college
characteristic variables to the academic outcome, creativity (Figure 19). In Model 3, all four
exogenous variables (ADHD, FEMALE, FIRSTGEN, and URMG) had paths to CREATIVITY1 in
addition to the two college experience latent variables, faculty interaction and sense of
belonging.

5.3.2.2 Estimation and Evaluation.

Table 27 shows the unstandardized coefficients and p-values for all three models, along
with the AIC and BIC. Model 2’s AIC (605811.1) and BIC (606190.8) and Model 3’s AIC
(605644.8) and BIC (606050.4) were lower than those of Model 1 (AIC = 616949.8; BIC =
617278.4). The small difference between the AIC and BIC of Models 2 and 3 suggests that the
additional paths only slightly improved Model 3’s fit. A previous ADHD diagnosis, more
frequent interaction with faculty, and a greater sense of belonging positively influence students’

self-rating of creativity in Model 2. All three paths are statistically significant (p <.001) and
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have positive coefficients. Models 1 and 3 also exhibit positive and statistically significant (p <
.001) relationships between ADHD and CREATIVITY1.

5.3.2.3 Mediation.

The college experience latent variables, academic adjustment and sense of belonging, do
not substantially mediate the creativity academic outcome. Stata does not support calculating
mediation effects following generalized SEM (StataCorp., 2021a); therefore, the statistical
significance and standard errors are not calculated. However, a simple calculation of the
mediating path coefficients for the indirect paths through academic adjustment (0.047) and sense
of belonging (-0.011) suggests that they are small in comparison to the ADHD to CREATIVITY1
path coefficient (0.500). The ratios of the path coefficients (e.g., academic adjustment to
CREATIVITY1 path coefficient to ADHD to CREATIVITY1 path coefficient) are less than 0.1 or
10% (0.047 to 0.500; -0.011 to 0.500). The faculty interaction and sense of belonging aspects of
students’ college experience provide little mediating influence on the students’ self-rating of

their creativity.
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Figure 17. Two-factor, creativity SEM Model 1
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Figure 18. Two-factor, creativity SEM Model 2
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Figure 19. Two-factor, creativity SEM Model 3
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Table 27. Generalized SEMs for three models of creativity

Model 1 Model 2 Model 3
Measurement model
FACULTYINTERACTION
FACOUT 1.817*** 1.809*** 1.809***
FACADVISE 1.276*** 1.276*** 1.275***
FACOFFICE 2.029*** 2.035%** 2.037***
SENSEOFBELONG
MEMBER 7.011%** 6.895*** 6.892***
CAMPUSBELONG 5.906*** 5.908*** 5.909***
CAMPUSCOMM 2.881*** 2.875%** 2.875%**
RECOMMEND 2.154*** 2.146*** 2.146***
Structural model
CREATIVITY1
ADHD 0.496*** 0.500*** 0.471%**
FEMALE -0.167***
FIRSTGEN -0.248***
URMG 0.173***
FACULTYINTERACTION 0.251*** 0.251*** 0.246***
SENSEOFBELONG 0.171*** 0.169*** 0.175***
FACULTYINTERACTION
ADHD 0.185*** 0.186*** 0.187***
FEMALE -0.073*** -0.069***
FIRSTGEN 0.018 0.024
URMG 0.071*** 0.067***
SENSEOFBELONG
ADHD -0.052* -0.066** -0.066**
FEMALE 0.108*** 0.110***
FIRSTGEN -0.173*** -0.171***
URMG -0.151*** -0.153***
AIC 616,949.8 605,811.1 605,644.8
BIC 617,278.4 606,190.8 606,050.4

Note. * p < .05, ** p < .01, *** p <.001
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5.3.2.4 Summary.

Creativity is an important characteristics of college students for their future careers and is
often not considered in models of collegiate academic success. SEMs based on Terenzini and
Reason’s (2005) college outcome model indicate that students with ADHD are more likely to
identify as having higher levels of creativity than their peers, and their college experience does
not substantially mediate this. The college experience, at least faculty interaction and sense of

belonging, had little influence on students’ creativity ratings.

5.4 Overall Summary

| explored two academic success outcomes, first-year grades and creativity, using SEM
and conducting mediation analyses. Incoming college students diagnosed with ADHD reported
earning a slightly lower average grade (one-fifth of a grade change or approximately 0.13
standard deviations) on average at the end of their first year compared to incoming college
students without an ADHD diagnosis, and students’ academic adjustment partially mediated the
strength of this relationship. The other college experience latent variables, faculty interaction and
sense of belonging, had minimal influence on this relationship.

In contrast, students with an ADHD diagnosis as incoming college students had higher
self-ratings for their creativity at the end of their first year compared to students without an
ADHD diagnosis as an incoming first-year student. The SEM indicated that students’ college
experience, as measured by the latent variables, faculty interaction and sense of belonging, did
not influence students’ rating of their creativity.

This modeling of first-year grades suggests that changes in students’ college

environment/experiences may lead to higher grades for first-year students. In the Discussion
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section, I discuss changes to the college environment to positively impact students’ college

experience, specifically focusing on students’ academic adjustment in college.
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Chapter 6 Discussion

In this chapter | further address and interpret the answers to my two research questions.
The implications of my findings are also presented, and they are specifically considered for
engineering students. Based on these findings, | make recommendations for higher education
policy and practice. Stemming from my findings on the college experiences of students with
ADHD, I focus on recommending changes to the college environment that could positively
impact student success. | primarily share recommendations and strategies that target the
academic adjustment experiences of students with ADHD. These recommendations are based on
existing literature related to my findings, and specifically college students’ academic adjustment;
my dissertation research did not explore the effectiveness of specific recommendations to
support students’ academic adjustment. Many higher education instructors are already using
these recommendations; others may use them to a lesser extent. My findings add to a growing

evidence-base regarding the importance of supporting students’ academic adjustment to college.

6.1 First-Year Grades

6.1.1 Pre-college, College, and Academic Success Relationships

6.1.1.1 Structural Equation Model.

The Bowman model (2019) provided an excellent starting point for modeling academic
success and answering my first research question, what relationships exist between students’
precollege characteristics and experiences, the college experience, and academic success for

students with ADHD? That model is based on the early work on student retention of Tinto
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(1993), Cabrera and coauthors (1992), and Pascarella and Terenzini (2005). It includes pre-
college measures (e.g., financial means, high school GPA), college-level measures (e.g., non-
cognitive attributes, such as academic grit, time management, self-discipline, and self-efficacy;
social adjustment; and commitment to the institution), and outcomes (e.g., college GPA and
retention). Furthermore, Bowman and coauthors (2019) “intentionally chose not to include direct
indicators of academic behavior since these are believed to mediate the link between other
noncognitive attributes and academic performance” (p. 139). Additionally, students’ academic
behaviors or engagement, such as homework completion, are influenced by their classroom
environment, particularly for students with ADHD (Morsink et al., 2022). This is a salient factor
because my research aim is to identify aspects of the higher education environment to promote
academic success for all students, including students with ADHD. Therefore, the Bowman model
provided the starting point for the modeling of first-year grades using SEM done in this study.

I made informed modifications to the Bowman model to stay consistent with a causal
analysis and incorporate pre-college characteristics and experiences measures. Structural
equation modeling is a causal analytic tool and thus requires appropriate time progression (Kline,
2016). In Bowman and coauthors’ study (2019), the college-level measure of concerns about
financing college predicted high school GPA. However, a student’s concerns about financing
their college education cannot predict a previously occurring event, such as grades earned in high
school. In my HERI data set, financial concern is also a college-level measure of a student's
concern about financing college. To address the temporal nature of the variables, | modified the
Bowman model by eliminating the path from financial means to high school GPA so that
financial concerns predicted only college-level measures (i.e., academic adjustment, faculty

interaction, and sense of belonging), and the high-school grades variable was an exogenous
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variable. Therefore, in my SEM, the financial concerns variable is mathematically (but not
theoretically) equivalent to a pre-college exogenous variable. This change allowed me to stay
consistent with the time progression of study variables and improved my model’s causal analysis
and predictive capabilities.

Including additional pre-college measures (e.g., sex, first-generation college student,
underrepresented racial/ethnic group, and standardized test score), consistent with my conceptual
framework, improves the models’ capability to predict academic outcomes. Terenzini and
Reason’s (2005) and Reason’s (2009) college impact model suggests sociodemographic traits
and standardized test scores relate to academic outcomes. This addition facilitated the
exploration of the college experiences of specific groups of students, such as students with
ADHD. The fit of my modified Bowman model and the combined TFS/YFCY data was
excellent; thus, the SEM was suitable for investigating the college experiences of students with
ADHD.

My SEMs incorporating students with ADHD are also consistent with the academic
outcome SEM of van Rooij and coauthors (2018) for first-year students majoring in science,
social science, and humanities at research universities in the Netherlands. In their model, self-
regulated study behavior, intrinsic motivation, and degree program motivation explained
academic adjustment (van Rooij et al., 2018). Similar to my findings, self-regulated study
behavior had the largest influence on academic adjustment (although different predictor variables
were used) and academic adjustment directly influenced university GPA. Students with greater
academic adjustment earned higher grades and this influence exceeded that of secondary school

grades. However, it is important to note that the paths for academic adjustment (or non-cognitive
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attributes, in the case of the Bowman model) and high school or secondary grades differed for
my model, the van Rooij model, and the Bowman model.

6.1.1.2 Academic Adjustment and Outcomes.

The negative SEM path coefficient from ADHD to CURRGPA (in all of the first-year
grade SEMSs) indicates that students with ADHD, who have received a diagnosis before entering
college, earn, on average, lower first-year grades. The sign of the path coefficient is consistent
with previous research (Blase et al., 2009; DuPaul et al., 2019; Gormley et al., 2019); however,
the magnitude (approximately 0.1 standard deviations or one-fifth of a grade change) is smaller.
Blase and coauthors (2019) found students with ADHD earned on average lower grades, 0.4 to
0.5 standard deviations, compared to students without ADHD. DuPaul and coauthors (2021)
found students with ADHD earned on average approximately 0.4 points lower on a 4.0 GPA
scale. This is equivalent to 0.8 points on an equivalent 8-point scale used in this study. Gormley
and coauthors (2019) found students with ADHD (M = 2.91, o= 0.77, on presumably a 4-point
scale) earned on average 0.25 points lower GPAs than their peers without ADHD (M = 3.26, o=
0.69).

My research extends this prior work because it includes additional factors that influence
collegiate academic success. For example, DuPaul and coauthors (2021) did not include a high
school measure of academic preparation, such as grades or standardized test scores, in all
likelihood introducing omitted variable bias, whereas my model includes both high school GPA
and standardized test score. Thus, my findings about college grades account for differences in
academic preparation and performance. DuPaul and coauthors (2019) also did not incorporate
students’ classroom and out-0f-class experiences in their model, whereas my first-year grades

SEM incorporates the frequency of students’ interaction with faculty or instructors and their
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sense of belonging to their institution. Consistent with Gormley and coauthors (2019), who
suggest that high school GPA provides a measure of college-readiness skills such as time
management (not included in their model), my first-year grades SEM suggests high school
grades predict the ease of students’ academic adjustment in college.

My first-year grades SEM is consistent with prior work in that incoming first-year
students previously diagnosed with ADHD earn, on average, lower grades during their first year
of college than their peers. Although statistically significant, the magnitude of this difference is
small, one-fifth of a grade change or 0.13 standard deviations, and is substantially smaller than
0.4 to 0.5 standard deviations found by Blase and coauthors (2009). However, the magnitude of
differences in first-year grades are not of primary interest because this study’s research
objectives focus on the influence of students’ college experiences in order to target
recommendations for change.

The negative SEM path coefficient from ADHD to academic adjustment indicates
students with ADHD have on average more difficulty adjusting to college academics during their
first year than their counterparts without ADHD. This is consistent with previous quantitative
(DuPaul et al., 2021; Reaser et al., 2007) and qualitative (Kwon et al., 2018; Meaux et al., 2009)
research. For example, DuPaul and coauthors (2021) found that students with ADHD scored
lower on the LASSI, that is, they had less developed learning and study strategies than their
peers without ADHD. Similarly, Reaser and coauthors (2007) found that students with ADHD
scored lower on a college-readiness instrument measuring academic skills such as time
management and study skills. Qualitatively, students with ADHD expressed similar challenges in

interviews with Kwon and coauthors (2018). As discussed in the following section, my findings
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extend this previous work by illustrating the underlying mechanisms by which aspects of the

college experience influence academic success.

6.1.2 Mediating Role of College Experiences

My study’s design enabled the investigation of the mediating role of college experiences,
answering my second research question, What college experiences, if any, mediate the
relationship between a pre-college ADHD diagnosis and academic success? Of the four indirect
or mediating pathways (lavender paths in Figure 16), only one substantially attenuated the
negative direct relationship between ADHD and first-year college grades. The path from ADHD
to academic adjustment then to first year GPA partially mediated (~33%) the relationship. The
other three mediating paths operated through academic adjustment and traversed through sense
of belonging or faculty interaction but they did not substantially mediate the direct relationship
between ADHD and first-year grades. My SEM suggests that understanding professors’
expectations, study skills, and time management (indicator variables for the academic adjustment
construct) influence first-year grades. In other words, students’ academic adjustment partially
explains the underlying mechanism between ADHD and first-year grades. Although my findings
suggest faculty interaction and sense of belonging do not play a critical role in first-year grades,
they may play a larger role in later measures of college grades, persistence, and career
opportunities following college.

Unfortunately, this model does not incorporate a measure of instructional practices or
short-term student motivation, although future research should explore their role in collegiate
academic success. Motivation plays a role in academic engagement (Bowman et al., 2019) and if
instructional practices in the classroom affect student motivation (e.g., James et al., 2017), these

practices may indirectly influence first-year grades. However, measuring short-term motivation
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is complicated because there are multiple types (Touré-Tillery & Fishbach, 2014) and motivation
has the potential to vary over time and across courses. Researchers should consider how to
integrate short-term motivation in a SEM studying academic success in future studies.

Despite construct and path differences, the key role of academic adjustment on college
grades remained consistent across the three academic success SEM discussed (i.e., this study’s
SEM, the van Rooij model, and the Bowman model). van Rooij and coauthors (2018) concluded
students’ behavior outweighed motivational factors in influencing GPA. Although my SEM did
not include a motivational measure, the critical role of academic adjustment and study skills
coincided and outweighed faculty interaction and sense of belonging. In the Bowman model, the
only college level construct that directly influenced college GPA besides non-cognitive attributes
was social adjustment (Bowman et al., 2019). Greater levels of social adjustment resulted in
lower college GPASs, on average. The key role of academic adjustment on college grades has

broad implications for higher education.

6.1.3 Implications for Science, Mathematics, and Engineering

First-year college grades relate to students’ persistence decisions in science, technology,
engineering, and mathematics (STEM; Dika & D’ Amico, 2016; Main et al., 2015; Main et al.,
2021; Stinebrickner & Stinebrickner, 2011; Thompson, 2021). Thompson (2021) found students
earning higher first-year STEM GPAs are more likely to persist in STEM. Stinebrickner and
Stinebrickner (2011) found first-year grades related to students’ science and math persistence,
and Dika and D’ Amico (2016) found first-semester GPA was a statistically significant predictor
of students’ decision to persist in physical sciences, engineering, mathematics, and computer
science majors. Furthermore, first-year grades are associated with students’ decisions to switch

majors within engineering (Main et al., 2015; Main et al., 2021). Thompson (2021) used social
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cognitive career theory to explain their findings: “For example, success in a course or field tends
to raise a student’s self-efficacy, increasing the likelihood that that student will remain on that
career path. In contrast, poor experiences, including bad grades, lowers a student’s self-efficacy
and sense of belonging in that field and lowers the likelihood that he or she will persist.” (p. 966)

Certain student groups (i.e., first-generation college students and women) experience
greater “grade sensitivity” (Thompson, 2021, p. 965); they are less likely to persist despite
earning an equivalent first-year STEM GPA as students belonging to other student groups (e.qg.,
first-generation college students compared to students who are not first-generation college
students). Whether students with ADHD experience a heightened sensitivity to grades is
unknown as there are not equivalent studies. Regardless, my findings that students with ADHD
earn on average slightly lower grades potentially suggest a lower likelihood of persistence in
science, mathematics, and engineering.

Furthermore, students experiencing more difficulty adjusting to college academics,
particularly developing study skills and time management, may face challenges with
instructional practices common in STEM (e.g., lecture and project-based learning in teams).
Lecture remains the predominant instructional method in engineering and STEM (Apkarian et
al., 2021; Borrego et al., 2010; Cutler et al., 2012; Manduca et al., 2017; Stains et al., 2018;
Viskupic et al., 2019), and increases students’ need to sustain attention, take notes, and learn the
course material outside of class time. For students with less developed study skills and time
management skills, such as many first-year students with ADHD, this instructional method
makes achieving the learning objectives more difficult (e.g., Lefler et al., 2016).

Furthermore, students with ADHD may experience difficulties in groups or teams (e.g.,

James et al., 2020), such as in project-based general introductory engineering courses, that are
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not adequately structured to support students’ differences in academic adjustment. An example
scenario is if a student does not complete a portion of the project on schedule or understand the
instructors’ expectations for the project, they may potentially negatively affect their group’s
grade and perhaps have less positive interactions with peers. Frequent and structured support of
group work may lessen the likelihood for this outcome.

More research on STEM instructional practices and the academic success of students
with ADHD is necessary. Only a few researchers (James, 2020; Lefler et al., 2016) have
explored the role of instructional practices, and these studies are not specific to STEM. |
recommend that future work explores the role of STEM instructors’ use of (1) instructional
practices on students’ motivation, learning, and success and (2) explicit structure in team and

groupwork for neurodiverse groups of students.

6.2 Creativity

6.2.1 Relationships among Precollege, College, and Academic Success

This study found that students with ADHD are significantly more likely to perceive
themselves as more creative than their peers, and previous studies suggest students’ perceptions
of their creativity are predictive of their creative achievements and divergent thinking ability
(e.g., Boots et al., 2017; Furnham et al, 2005). Elementary students’ self-rating of their creativity
is typically consistent with teachers’ rating of the students’ creativity (Beghetto, Kaufman &
Baxter, 2011). College students’ self-rating of their creativity had “high predictive ability” of
their scores on a tested measure of creativity (Furnham et al., 2005, p. 137), the Barron-Welsch
Art Scale (Barron, & Welsh, 1952). Boot and coauthors (2017) explored the relationship between
ADHD symptoms and creativity of college students using self-reported creativity (i.e., an 8-item

scale of creative behaviors), creative achievement (i.e., self-reports of achievements), and two
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established tests of divergent thinking. They found students’ self-reports of creative behavior
positively correlated with measures of divergent thinking and creative achievement.

I used Terenzini and Reason’s (1995) college impact model to model creativity as an
academic success outcome (Figure 17), measured as students’ self-report of their ability in
comparison to their peers. In this model, pre-college characteristics and experiences of having an
ADHD diagnosis influences college experiences (specifically, faculty interaction and sense of
belonging). Both pre-college characteristics and experiences of having an ADHD diagnosis and
college experiences influence the academic outcome, creativity. For all three creativity SEMs,
students with ADHD (diagnosed prior to taking the TFS as incoming first-year students) rated
their creativity more highly than their peers without ADHD (as above average or in the top 10%
of their peers) at the end of their first year of college. The creativity SEM had direct paths from
ADHD to faculty interaction and sense of belonging and ADHD to the academic outcome,
creativity. Furthermore, students reporting a previous ADHD diagnosis as incoming first-year
students interacted more frequently with faculty, yet, they had a lower sense of belonging to their

college campus than their peers without ADHD.

6.2.2 Mediating Role of the College Experience

The low magnitude of the faculty interaction and sense of belonging college experience
indirect path coefficients relative to the direct path coefficient from ADHD to creativity (ratios of
less than 0.1 or 10%) indicates their negligible mediating effect on creativity. The negligible
partial mediation through faculty interaction and sense of belonging suggests that students’
college experience during their first year, at least their interactions with faculty and their sense of

belonging, do not substantially influence their self-rating of creativity.

6.2.3 Implications for Engineering
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My SEMs suggest that students with ADHD are more likely to perceive themselves as
more creative than their peers, yet they are more likely to earn lower grades, than students
without ADHD. Although my study broadly included first-year college students, its findings are
similar to those of Taylor and coauthors (2020) of engineering students with ADHD. They found
that ADHD characteristics were associated with lower engineering grades, though not overall
grades, and higher levels of divergent thinking, measured using Torrance Tests of Creative
Thinking (Torrance, 2008).

My SEMs did not explore the relationship between creativity and first-year grades. The
findings of other researchers regarding the relationship among creativity and grades are
inconsistent. A meta-analysis suggested a small, positive correlation (r = .22) for K-12 students
(Gajda et al., 2017); students with higher levels of creativity had greater academic outcomes.
Studies of college students are more limited, although there are several that solely focus on
engineering. In one such study, Kim (2020) found the creativity of engineering students at a
university in Korea increased from their first year to their fourth year. Kim (2020) attributed the
students’ increases in creativity to the institutional environment and teaching practices at the
university.

For engineering, the implications of the finding that students’ with ADHD perceive
themselves as more creative than their peers, reflect those noted by Taylor and coauthors (2020).
Students with ADHD, who on average exhibit higher levels of creative or divergent thinking,
may leave engineering if they find their “traditional” engineering education does not value
creativity (p. 213). Further, based on my findings that sense of belonging and faculty interaction
do not mediate the creativity academic outcome, | recommend researchers instead explore the

role of classroom instruction. Instruction that values differences and strengths, such as creativity,
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is recommended by Chrysochoou and coauthors (2022) and Taylor and coauthors (2020) and

may be particularly important in the first-year of college to retain more creative students.

6.3 Recommendations

The importance of academic adjustment for the first-year grades of college students
highlights the critical role of the individual student experience for academic success during
students’ first-year of college. Therefore, in identifying study implications and
recommendations, | focus on changes to the college environment or college experiences, and
specifically on academic adjustment, that might positively affect academic success. This
approach is consistent with my research objectives: identify aspects of the college experience
that influence college success and recommend targeted changes to improve the college
environment. By incorporating literature findings, I provide suggestions for higher education
instructors and institutions to support students’ academic adjustment, based on the evidence-
based relationships identified in my first-year grade SEMs. Although my dissertation does not
provide evidence to support specific instructional or institutional changes, others (e.g.,
Chrysochoou et al., 2022; Canu et al., 2021; Griful-Freixenet et al., 2017; Shmulsky et al., 2021,
Welby, 2022) have suggested specific aspects to support students’ academic adjustment.

These recommendations align with Universal Design for Learning (UDL; CAST, 2023).
UDL provides three guidelines for teaching (provide multiple means of engagement,
representation, and action and expression) that are based on fundamental principles of learning.
It strives to optimize all students learning through optimized teaching practices (CAST, 2023).
The recommendations in this section highlight specific aspects of UDL that are, based on my

research findings, specifically important for first-year grades of students with ADHD.
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My recommendations involve instructional change. Instructional change is modeled
theoretically as a process in which instructors progress through stages: unaware, aware,
interested, and adopted (Lund & Stains, 2015). Movement from the first to second stage of the
process involves instructors becoming aware of an instructional practice and, in the third stage,
instructors gain in-depth knowledge of the practice and decide whether to adopt it. In the final
stage, instructors introduce the new instructional practice in their courses (Lund & Stains, 2015).
This progression is necessary for sustained instructional change.

| address the first three stages of the instructional change process (aware, unaware, and
interested), as precursors to change, and recommend increasing awareness to neurodiversity and
a strengths-based approach to instruction. These are discussed prior to providing
recommendations related to the fourth stage, adopt, in the following subsection. The
recommendations focus on creating a supportive environment for students’ academic adjustment
and suggest classroom strategies related to understanding of their professors’ expectations, time

management, and study skills.

6.3.1 Precursors to Change

Although instructional strategies and institutional policies play a role in promoting the
academic success of a diverse student body, shifting higher education professionals’ and
students’ view of neurodiversity (from unaware to aware to interested) is a critical precursor to
instructional change (Chrysochoou et al., 2022; Lund & Stains, 2015; Rogers, 2003). Increased
awareness of neurodiversity and the value neurodivergent individuals bring to higher education
and their future fields is critical (Chrysochoou et al., 2022). Accordingly, an important precursor
to change is instilling an institutional culture that promotes equity and inclusion in classrooms

and acknowledges and values differences in students’ experiences, strengths, and ways of
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thinking (Santhanam, n.d.). Additionally, higher education professionals should be aware that
students with ADHD are more likely than their peers to also be autistic (Rommelse et al., 2010)
or have anxiety or mood disorders (Kessler et al., 2006).

Another precursor to change is developing an institutional culture (or mindset) that
approaches education with flexibility and understanding (O’Regan, n.d.) and focuses on
strengths (Chrysochoou et al., 2022). An inclusive classroom environment requires flexibility
and understanding from higher education professionals and students (O’Regan, n.d.) alike as
students play a role in creating an inclusive institutional culture through peer-interactions.
Furthermore, a strengths-based approach to education promotes the success of a neurodiverse
group of learners (Chrysochoou et al., 2022). ““A strengths-based approach toward neurodiversity
incorporates an awareness of students’ unique abilities rooted in biological/neurological
variations...” (Chrysochoou et al., 2022, p. 5). For example, instruction with this approach uses
varied and flexible assignments and assessments that value creative contributions (Santhanam,
n.d.; the ADHD Academic, 2022; Welby, 2022).

In the following subsections, | offer recommendations for classroom instruction and for
institutional policies (i.e., the college environment) that others’ have recommended to support
students’ academic adjustment (e.g., Santhanam, n.d.) with the goal of positively impacting
students’ first-year college experience. They may also lower the emphasis of academic
adjustment on first-year grades. ldeally, these changes could also impact students’ four-year
academic success since first year grades may remain relatively constant in future semesters. This
idea is supported by the findings of DuPaul and coauthors (2021): first-year grades either
remained stable or improved in students’ subsequent semesters of college for all three groups of

students (students without ADHD, students with ADHD taking medication for their ADHD, and
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students with ADHD not taking medication for their ADHD) — implying that first-year grades

are important indicators of students’ continuing academic success.

6.3.2 Recommendations for Classroom Instruction

The SEM indicates that students’ academic adjustment to college is the primary college
experience contributor to first-year grades. The three measured variables of academic adjustment
examined were students’ (1) understanding of their professors’ expectations, (2) self-rating of
their time management, and (3) self-rating of their study skills. Although entering college with
well-developed college-readiness skills like these eases the transition, many incoming students
begin college still needing to develop these skills (e.g., Reaser et al., 2007). Higher education
should support students in this development and reduce the dependency of learning outcomes
and grades on these skills, particularly in the first year.

During the first year, | recommend providing students with multiple and varied
opportunities to build their college-readiness skills, consistent with UDL guidelines for
sustaining effort and persistence, and self-regulation (CAST, 2023a). Administrators, instructors,
and staff should recognize that students are starting college with varying abilities and different
opportunities to have developed strategies. Instructors should be cognizant that there are likely
students with ADHD in their courses (Santhanam, n.d.). Many of them will not have registered
with their institution’s disability services office (National Center for Education Statistics, 2022),
and thus will not have accommodations. The next three subsections describe specific
recommendations for instructors for all students, all of which align with the more general UDL
guidelines, and may benefit all students, and especially those with ADHD.

6.3.2.1 Understanding Professors’ Expectations.
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The classroom provides an excellent opportunity to scaffold students’ academic
adjustment. One aspect is helping students understand the course expectations. The second
column in Table 28 includes strategies instructors can use to support students in understanding
the expectations for their courses. For example, instructors can design courses with clear
structure (Shmulsky et al., 2021) and use direct and written communication to convey this
structure (Santhanam, 2019; Santhanam, n.d.). For example, providing a shortened, single-page
version of the course syllabus with key information, such as assignment due dates and
assessment dates can provide students with more explicit structure (Welby, 2022). Instructors
can also clearly and directly communicate learning objectives (Welby, 2022) and their standards
and expectations for course assignments, projects, and assessments (Santhanam, 2019;
Santhanam, n.d.; Shmulsky et al., 2021). Written directions, a grading rubric, and assignment,
paper, or project examples, located in a single location, can accompany assignments, projects,
and assessments (the ADHD Academic, 2022). Further, large assignments can involve multiple
drafts or stages, at each of which specific, written feedback is provided (Griful-Freixenet et al.,
2017). This gives students multiple opportunities to understand assignment expectations and
improve their grades.

6.3.2.2 Time Management.

Instructors can also support students’ time management skills in the classroom (third
column in Table 28). For shorter-term, daily, or weekly assignments, instructors can schedule
consistent due dates with consistent reminders that correspond with a relevant time or date, such
as the start of class (Shmulsky et al., 2021; the ADHD Academic, 2022). For example, if there
are weekly assignments, design the course so they are due each week on the same day and at the

same time. This enables students to develop a regular weekly routine for studying and homework
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and aid in remembering due dates. Instructors can scaffold longer-term assignments (the ADHD
Academic, 2022), not only helping students manage their time but also modeling how students
might break a large assignment into more manageable parts, an often more difficult task for
students with ADHD than their peers without ADHD (Canu et al., 2021). Scaffolding can also
improve motivation and engagement (Belland et al., 2013). Instructors can also support students
in scaffolding their own longer-term assignments. By requiring students to submit a plan and
timeline for completion, students have the opportunity to practice partitioning assignments or
projects into smaller steps and managing a schedule for completion.

Group work provides an additional opportunity to support students’ time management.
Scaffolding students’ time management can also apply to group work and should occur prior to
students beginning work (Santhanam, n.d.). Instructors can provide structure for group work by
requiring students to plan and provide the written organization of the division of tasks among
group members and schedules for its completion (Santhanam, n.d.).

6.3.2.3 Study Skills.

First-year courses provide an excellent opportunity for instructors to aid students in
developing study skills (fourth column in Table 28). Instructional practices such as active
learning enable more student learning in class (e.g., Theobald et al., 2020), and they reduce the
need for traditional study skills, such as taking and reviewing notes. Additionally, instructors can
encourage students to study actively and on multiple occasions (Dolin, 2022; The Learning
Center, n.d.). Active studying, which includes problem-solving, self-quizzing, and drawing
concept maps, is associated with more effective learning than passive activities, such as
reviewing notes and reading and highlighting text (The Learning Center, n.d.). Additionally,

instructors can dedicate class time to connect with other students to create groups for later study
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and attach exam wrappers as a cover sheet on exams, where students can preemptively evaluate

and then reflect on their exam readiness (Lovett, 2013).

6.4 Recommendations for Institutional Policies

Institutions should also develop policies to support students’ academic adjustment and
success. An example of a beneficial policy is one that provides academic coaching for all
students who feel they would benefit from it. Academic coaching provides broad support related
to academic development, as shown in Figure 20 (University of Colorado, n.d.). Institutions can
offer first-year courses aimed at promoting students’ academic adjustment and success to all
students (e.g., University College, n.d.). They can also require instructors to record lectures,
enabling students to access the information multiple times (Chrysochoou et al., 2022).
Institutions can also provide faculty development opportunities to facilitate cultural change and
support faculty in promoting students’ academic success (Carroll et al., 2022). Faculty
development opportunities may promote an improved understanding of neurodiversity and the

plight of neurodivergent college students.
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Table 28. Instructional strategies to scaffold students' academic adjustment.

Understand professors' expectations

Time management

Study skills

Course design

Provide a one-page summary of your
syllabus

Create and communicate a clear course
structure

Build consistent structure into course

Schedule consistent assignment due dates (day,

time)

Provide class time for students to create
study groups

Schedule frequent quizzes to encourage
multi-occasion studying

Instruction

Communicate learning objectives

Use active learning in class

Assignments &

Provide written directions, examples, and a
rubric

Scaffold long-term assignments and projects,

divide project into parts with intermediate due

dates

Use a single, central location for storing
assignment, examples, rubric, etc.

projects Provide multiple opportunities for Build in flexibility in due dates Encourage active studying out of class &
feedback and revisions y provide examples or activities
Send consistent email reminders
Provide examples of previous exams Encoqrage studying on multiple
occasions
Assessments Use exam wrappers for students to
preemptively and reflective self-assess
their exam preparation
Group work Provide feedback on students’ written plans Written plans and division of labor

and division of labor

Note. Strategies from Welby (2022), Shmulsky et al. (2021), Santhanam (2019), the ADHD Academic (2022), Griful-Freixenet et al. (2017),
Canu et al. (2021), Dolin (2022), The Learning Center (n.d.), and Lovett (2013).
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Figure 20. Academic adjustment support provided for students through academic coaching
(University of Colorado, n.d.)

Note taking

Academic

coaching

Test Time
preparation management

6.5 Summary

Structural equation modeling of first-year grades suggests that students diagnosed with
ADHD before their first year of college, on average, rate themselves as less adjusted to the
academic demands of college and earn, on average, lower grades. They are also more likely to
identify as having higher levels of creativity. My modeling did not find, however, that students’
first-year college experience influenced their creativity self-ratings.

My results indicate that academic adjustment partially mediates the academic success of
students with ADHD, which has implications for higher education administrators, staff,
instructors, and students. As theorized by Lund and Stains’ (2015) instructional change model, a
necessary precursor to these recommended instructional and institutional changes is shifting the

culture of higher education and its view of neurodiversity. Instructional strategies in the
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classroom and institutional policies can support all students’ academic adjustment. Students’
understanding of their professors’ expectations and development of time management and study
skills can be promoted in the classroom. Furthermore, institutions can create policies that
promote the academic success of incoming college students with varying levels of college-

readiness skills.
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Chapter 7 Conclusions

Most of the research studies on the college experiences and academic success of students
with ADHD suggest these students encounter a challenging college experience and less academic
achievement than their peers without ADHD (e.g., Canu et al., 2021; Gormely et al., 2019; Lefler
et al., 2016). Few studies explore the relationship between these challenging college experiences
and students’ academic outcomes, particularly none with this large of a data set. The primary
goal of my dissertation was to understand the role of the college experience on the academic
success (i.e., first-year grades and creativity) of students with ADHD and, based on these
findings, recommend changes to the higher education environment that positively impact first-
year students.

To explore the relationships between students’ pre-college characteristics and
experiences, college experiences, and academic success of students with ADHD, | estimated
structural equations models (SEMs) for first-year grades and creativity using multi-institutional,
longitudinal data from four cohorts of first-year college students (n = 43,523). The models
incorporated a common strength of students with ADHD, creativity, as an academic success

outcome and a known challenge, academic adjustment, as part of the college experience.

7.1 First-year grades

7.1.1 Model Structure.

| specified first-year grades SEMs based on theoretical student retention models,

specifically Terenzini and Reason’s (2005) college impact model and Bowman and coauthors’
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(2019) models’ integration of non-cognitive attributes. The SEMs exhibited an excellent fit with
the data used in this study providing supportive evidence for the model structure, and particularly
the incorporation of non-cognitive attributes in a student retention model (Bowman et al., 2019).
The SEMs indicate that students’ academic adjustment influences their college experiences (i.e.,
faculty interaction and sense of belonging) and academic success (i.e., first-year grades).
Furthermore, students’ pre-college characteristics and experiences influence their collegiate

academic adjustment and first-year grades.

7.1.2 Parameter Estimates and Mediation.

Students diagnosed with ADHD prior to the time that they are incoming college students
rated their academic adjustment (understanding of professors’ expectations, time management,
and study skills) lower than their peers. Additionally, they earned, on average, slightly lower
first-year grades than their peers. Students’ academic adjustment partially mediated
(approximately 33%) the relationship between a pre-college ADHD diagnosis and first-year
grades, further reducing the gap in first-year grades between students with ADHD and their peers
without ADHD. In other words, academic adjustment attenuates the magnitude of the
relationship between ADHD and first-year grades. Students who more easily adjust to college
academics earn higher first-year grades than students who experience a more difficult time
adjusting to college academics. Furthermore, students’ academic adjustment positively

influences their frequency of interaction with faculty and their sense of belonging.

7.2 Creativity

7.2.1 Model Structure.
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To model students’ creativity as an collegiate academic outcome, | specified my SEM
based on Terenzini and Reason’s (2005) college impact model. The models included selected
pre-college characteristics and experiences (e.g., ADHD), and the college experiences (i.e.,
faculty interaction and sense of belonging) mediate the relationship between pre-college
characteristics and experiences and academic success (i.e., above average or top 10% ratings of

creativity). The models that incorporated additional pre-college characteristics best fit the data.

7.2.2 Parameter Estimation and Mediation.

In contrast to first-year grades, students with ADHD are more likely to rate their
creativity higher (above average or in the top 10%) than their peers without ADHD at the end of
their first-year of college. The frequency of their interaction with faculty and their sense of

belonging during their first year of college had a negligible mediating effect on this relationship.

7.3 Implications

7.3.1 Theoretical.

The theoretical implications of my findings suggest that academic adjustment in college
(or non-cognitive attributes, as included by Bowman et al., 2019) are a critical component of
collegiate academic outcome models of first-year grades. In this study, the academic adjustment
construct plays a larger role in first-year grades than either sense of belonging or faculty
interaction. The critical role of academic adjustment is consistent with the findings of Bowman
and coauthors (2019) and van Rooij and colleagues (2017). Furthermore, students’ academic

adjustment is strongly predictive of their study skills and time management.
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7.3.2 Practical.

The mediating role of academic adjustment on first-year grades has implications for
classrooms and institutional policies recommendations in higher education for all students
including those with ADHD. These recommendations involve instructional change, which
theories posit is a staged process with initial stages related to awareness and a decision to adopt
the change (Lund & Stains, 2015). As precursors to suggested instructional strategies, and
consistent with Chrysochoou and coauthors (2022), | recommend higher education
administrators, staff, and students develop an increased awareness of neurodiversity, a inclusive
institutional culture, and a strengths-based approach to instruction.

Recommendations for instructional strategies to support students’ academic adjustment
are particularly applicable to instruction in first-year courses (but would likely benefit all
courses). They focus on easing students’ academic adjustment to college through (1) scaffolding
academic adjustment skills (understanding professors’ expectations, time management, and study
skills) and (2) deemphasizing academic adustment skills in first-year college grades. The former
provides students entering college with different opportunities to build these skills and additional
time to build these skills while supported by scaffolded opportunities. One way of accomplishing
the latter is through instructional methods, such as active learning, that promote student learning

during class (e.g., Prince, 2004) and encouraging active studying (Dolin, 2022).

7.4 Future Work

This study provides a first-step and a framework for designing future research studies to
explore the academic success of college students and may help guide future studies on the
academic success of neurodivergent students. The implications of my findings and my

recommendations for higher education highlight the need for further work. First, I recommend
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researchers further explore the role of college experiences, while incorporating instructional
practices, on the academic success of students with ADHD as well as other neurodivergent
students. My SEMs illustrate the critical role of academic adjustment for both students with and
without ADHD. However, they do not include measures of short-term (or course-specific)
motivation, which is influenced by instructional practices (e.g., Lefler et al., 2016), and
influences academic engagement (Morsink, 2022). Second, | recommend that researchers study,
using qualitative and quantitative methods, how recommended instructional strategies from the
literature contribute to students’ academic adjustment to college. For example, some strategies,
such as scaffolding larger assignments, may have a greater affect than others. These research
findings would allow instructors to prioritize changes to their courses based on those with the

greatest influence.
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Appendix A Missing Data

A.1 Missing Data Mechanism

Missing data, a common challenge encountered in quantitative research, is classified
based on the mechanism by which it is missing: missing completely at random (MCAR), missing
at random (MAR), and missing not at random (MNAR; Allison, 2002; Enders, 2010; Enders,
2022; Rubin, 1976). In MCAR data, every item response has an equal probability of being
missing; missingness is not related to observed or missing values. MAR data exhibits systematic
missingness associated with observed data but not missing values. In MNAR data, missingness is
related to observed values and missing responses’ (unknown) values. The best practice is to
determine the missing data mechanism for each model (e.g., first-year grades and creativity;
Enders, 2022). Hypothesis testing can identify MCAR data; however, differentiating between
MAR and MNAR data is more difficult since the actual values of the missing data are unknown

(Allison, 2002; Enders, 2010; Enders, 2022).

A.1.1 Overview of Missing Data.

The first step in understanding missingness is developing an overview of the missing
data. The regressors for the first-year grades and creativity models for these two outcomes are
listed in Table 29, along with the number of missing observations and the fraction of missing
responses. Altogether, 18,909 of the 45,915 (41%) responses have some degree of missingness.
The most frequently missing variables are shaded. Standardized test score (STANDTEST) has the

largest number of missing responses (n = 10,703 or 23.3%), followed by first-year grades
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(CURRGPA; n=7,477 or 16.3%). Many college experience indicator variables have more than
10% missing responses. The academic adjustment (i.e., understands professors’ expectations,
study skills, time management, and adjust to the demands of college) and the sense of belonging
(i.e., feel a member of this college, feel a sense of belonging to this campus, and part of the
campus community) indicator variables have approximately 5,000 to 7,000 missing responses,
accounting for 11 to 15% of the respondents.

Patterns of missing responses (Table 30) are also important to identify. Approximately
59% of responses are complete. The second most common missing data pattern is respondents
missing only the standardized test score (n = 7,305, 15.9%). Other missing data patterns account

for less than 5% of responses.

A.1.2 Mechanism Exploration.

To determine whether the data in the first-year grades or creativity data set is MCAR, |
ran a series of regressions on missing data indicators (My; variables with an indicator of zero if a
value is missing and one if there is a response) for the model variables with more than 5,000
missing responses (10.9%; shaded gray in Table 29). These regressions provide evidence that the
probability that a response is missing is related to observed responses, suggesting the non-
responses are not MCAR.

Table 31 shows regression results for the standardized test score missing data indicator
(MstanpTesT) for the first-year grades model. Multiple model variables (i.e., sex, first-generation
college student, underrepresented racial/ethnic group, high school GPA, study skills, frequency
of interactions with faculty during office hours, feel a member of campus, and first-year grades)
have significant p values (p <.05), providing evidence that respondents with these characteristics

have a higher probability of a non-response on standardized test score. This is particularly
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evident for high school GPA (HSGPA _TFS; t =-24.36, p <.0001); students with lower high
school GPAs are more likely to have missing responses on the standardized test score variable.
These regressions are inconsistent with MCAR data, yet they cannot differentiate between MAR
and MNAR data (Allison, 2002; Enders, 2022).

Enders (2022) recommends considering standardized mean differences (bswxy; third
column of Table 31) of greater than 0.2 effect size (small effect size threshold; Cohen, 2013) as
evidence against MCAR data. Accounting for other model variables, none of the model variables
exceed this 0.2 small effect size threshold for the standardized test score missing indicator (Table
31). In contrast to the regression results previously described, the standardized mean differences
do not provide evidence against the data being MCAR.

Strong relationships among model variables (one regressor is predictive of another
regressor) benefit the multiple imputation process because these relationships help fill in missing
data (Allison, 2002). To gather information on these relationships, | ran a series of regressions
for each model variable regressed on the dependent variable (e.g., first-year grades, CURRGPA;
creativity, CREATIVITY1) and the independent model variables. The standardized test score
regression results (Table 32) indicate that the first-year grades, sex, and high school GPA
variables are highly correlated with the standardized test score variable (STANDTEST; e.g., first-
year grades, CURRGPA, t = 26.10, p <.0001; sex, FEMALE, t = -28.04, p < .0001; high school
GPA, HSGPA_TFS, t = 29.80, p <.0001). The high t values (t > 10) indicate highly significant
relationships. Strong relationships among other regressors and the regressor with the most
missing data (STANDTEST) are essential to impute missing data for this variable. This follows

for other variables with larger amounts of missing data.
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Table 29. Number of missing and non-missing responses and the fraction of missing responses.

Missing Fraction of responses Non-missing
Variable responses missing responses
Precollege Characteristics and Experiences
ADHD 2,177 0.047 43,738
Sex 39 0.001 45,876
First-generation college 1,220 0.027 44,695
Underrepresented racial/ethnic group 259 0.006 45,656
High school GPA 610 0.013 45,305
Standardized test score 10,703 0.233 35,212
Resilient 1,299 0.028 44,616
College Experience
Concerns about financing college 74 0.002 45,841
Understands professors’ expectations 5,064 0.110 40,851
Study skills 5,061 0.110 40,854
Time management 5,084 0.111 40,831
Adjust to demands of college 5,078 0.111 40,837
Interact with faculty outside of class/office hours 1,920 0.042 43,995
Seek advice from faculty 5,614 0.122 40,301
Interact with faculty during office hours 1,852 0.040 44,063
Feel a member of this college 6,680 0.145 39,235
Feel a sense of belonging to this campus 6,680 0.145 39,235
Part of the campus community 6,389 0.139 39,526
Academic success
First-year grades 7,477 0.163 38,438
Self-rating of creativity 4,909 0.107 41,006

Note. The shaded variables have 5,000 (10.9%) or more missing responses.
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Table 30. Missing data patterns (with greater than 350 responses) for the model variables within the first-year grades/creativity data
set, variables with missing responses are indicated by an

“_ .

X

Precollege

Standardized

Academic

College experience

Faculty interaction Seek faculty

Sense of belonging

Academic success

First-year

n (%) ADHD test score adjustment indicators indicators advice only indicators grades Creativity
27,006 (58.8)
7,305 (15.9) X
2,099 (4.6) X X X X X
1,239 (2.7) X X X X X X
849 (1.8) X
676 (1.5) X
586 (1.3) X X X X
526 (1.1) X X X
379 (0.8) X X
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Table 31. Missing indicator variable for standardized test score (STANDTEST) regressed on
independent variables and the dependent variable (first-year grades)

MstaNDTEST t p value Dstaxy

Pre-college Characteristics and Experiences

ADHD -0.96 0.336 -0.005
Sex 14.18 <0.001 0.075
First-generation college 9.87 <0.001 0.054
Underrepresented racial/ethnic group 9.39 <0.001 0.051
High school GPA -24.36 <0.001 -0.144
Resilient 0.44 0.659 0.002

College Experiences

Concerns about financing college -0.90 0.367 -0.005
Understand professors' expectations -1.04 0.300 -0.006
Time management 1.54 0.124 0.011
Study skills 2.53 0.011 0.019
Adjust to demands of college -1.86 0.063 -0.015
Interact with faculty out of class/office hours 0.04 0.970 0.000
Seek advice from faculty 1.23 0.218 0.007
Interact with faculty during office hours 3.83 <0.001 0.024
Feel a member of this college -3.30 0.001 -0.030
Feel sense of belonging to this campus 0.69 0.492 0.006
Part of the campus community -0.37 0.712 -0.003

Academic Success

First-year grades -5.03 0.000 -0.032
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Table 32. Standardized test score (STANDTEST) regressed on first-year grades model variables

t p Dstaxy
Pre-college Characteristics and Experiences
ADHD 7.18 <0.001 0.038
Underrepresented racial/ethnic group -25.41 <0.001 -0.137
Female -28.04 <0.001 -0.148
First-generation college -26.29 <0.001 -0.141
High school GPA 49.80 <0.001 0.292
Resilient -0.44 0.657 -0.002
College Experiences
Concerns about financing college -15.26 <0.001 -0.082
Understand professors' expectations -0.05 0.959 0
Study skills -6.93 <0.001 -0.053
Time management -12.87 <0.001 -0.094
Adjust to college demands 8.91 <0.001 0.07
Interact with faculty out of class/office hours 1.32 0.186 0.008
Seek advice from faculty -1.62 0.104 -0.009
Interact with faculty during office hours -12.73 <0.001 -0.079
Feel a member of this college 0.66 0.509 0.006
Feel sense of belonging to this campus 0.60 0.547 0.006
Part of the campus community -1.28 0.201 -0.01
Academic Success
First-year grades 26.10 <0.001 0.168
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If the data is MNAR, the missingness is related to missing and observed values (Allison,
2002; Enders, 2010). In this study, there are theoretical reasons to hypothesize that the missing
data mechanism is MNAR. An example of this reasoning to suggest MNAR data in this study is
that students with lower pre-college standardized test scores may be less likely to respond to the
survey item about their standardized test scores. Classifying the data sets as MAR or MNAR
requires additional consideration beyond the described analysis providing evidence against
MCAR data (Allison, 2002; Enders, 2010; Enders, 2022). Most likely, the missing data

mechanisms in first-year grades and creativity data sets are a combination of MAR and MNAR.

A.1.3 Method for Handling Missing Data.

Whether the data is MAR or MNAR, the common practice of dropping entire responses
with missing data can result in non-response bias (i.e., biased coefficients and standard errors;
Allison, 2002; Enders, 2010; Enders, 2022). Other methods, such as multiple imputation, used to
fill in missing data, are more appropriate, and ideally, for MNAR data, Allison (2002)
recommends modeling the missing data mechanism. However, modeling the missing data
mechanism is often not practical because of the absence of information on the actual values of
the missing responses (Allison, 2002). Fortunately, multiple imputation is relatively robust to
MNAR data (Allison, 2002).

Therefore, 1 used multiple approaches to handle missing data. Lacking the necessary
information to model the missing data mechanism, | used multiple imputation with auxiliary
variables (discussed in the next section) to fill in incomplete responses prior to structural
equation modeling (SEM). | compare these results using multiple imputation with SEM results

from which responses with missing values are dropped. Furthermore, I include a discussion of
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the potential implications of my decisions regarding missing data and the potential for

introducing non-response bias in the limitations section.

A.2 Auxiliary Variables

Auxiliary variables are available variables that are not included in the theoretically-based
SEM. However, they should be included in handling missing data because they contain
information about missing values (Enders, 2022). | introduced the variables that I include as
potential auxiliary variables in the Methods chapter in the tables of pre-college characteristics
and experiences and college experiences variables (Table 2—-9). Other potential auxiliary
variables are only included in this Appendix. To identify auxiliary variables, | used the inclusive
analysis strategy Enders (2022) described, based on the work of Collins and coauthors (2001). Its
primary focus is identifying auxiliary variables for model variables with the largest amount of
missing data (e.g., STANDTEST).

There are three types of auxiliary variables: Type A, Type B, and Type C (Collins et al.,
2001; Enders, 2022). Type A variables correlate with a model variable and its missingness
(Collins et al., 2001). Type B variables correlate with a model variable but do not correlate with
the missingness of that variable. Type C variables predict the missingness of a model variable
but do not correlate to that model variable. Type A and B variables should be included in the
multiple imputation (to avoid non-response bias and increase power, respectively; Enders, 2022).

Type C variables do not improve the imputation and are omitted.

A.2.1 Auxiliary Variable Screening.

| analyzed 19 variables (Table A5) extraneous to the first-year grades and creativity

models to determine whether they were auxiliary variables and, if so, their type. | selected
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potential auxiliary variables to screen based on their theoretical relationship to model variables.
For example, for many students, parent’s total income last year (INCOME_TFS) likely relates to
students’ concerns about financing college (CFINANCONCERN).

Following Enders (2022), | first considered the relationship between potential auxiliary
variables (Table 33) and missing data indicators for model variables with more than 5,000
missing responses (highlighted in gray in Table 29). To do this, | determined standardized (on y)
mean differences by regressing potential auxiliary variables on each missing indicator variable.
In contrast to Type B variables, Type A and C variables have a standardized mean difference
greater than 0.2 (i.e., Cohen’s, 2013, small effect size; Enders, 2022). Table 34 includes the
standardized mean differences for select variables (which include those with a standardized mean
difference greater than 0.2) from Table 33. Three potential auxiliary variables (completed
Algebra I, MATH2_TFS; completed AP Calculus, MATH6_TFS; and academic self-rating at the
end of the first college year, RATE02) had standardized mean differences of greater than 0.2,
indicating they are either Type A or C auxiliary variables.

| explored the relationships between potential auxiliary variables and model variables for
the first-year grades and creativity models. Again following Enders (2022), | analyzed semi-
partial correlations (after controlling for other model variables) with potential auxiliary variables
for each model variable with more than 5,000 incomplete responses. Variables with semi-partial
correlations larger than 0.3 are either Type A or B, providing information about the incomplete
model variable beyond that provided by the other model variables (Enders, 2022). Semi-partial
correlations are shown for the first-year grades model in Table 35, and none exceeded the 0.3
threshold. For the creativity model, only students’ self-reported creativity as an incoming college

student (CREATIVITY_TFS) exhibited a semi-partial correlation of greater than 0.3 (rsp = 0.566)
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with students’ self-reported creativity at the end of their first year (CREATIVITY1). The three
potential Type A auxiliary variables (i.e., with standardized mean differences greater than 0.2;
MATH2_TFS, MATH6_TFS, and RATEO2) did not have any semi-partial correlations larger than

0.3, indicating they are Type C variables.

Table 33. Potential auxiliary variables

Pre-college
DISABO1 TFS Learning disability (e.g., dyslexia)
DISABO3_TFS Autism spectrum disorder
DISABO06_TFS Psychological disorder (e.g., depression, anxiety, PTSD)
YRSTUDY2_TFS Years studying mathematics
YRSTUDY4_TFS Years studying physical science
YRSTUDY5_TFS Years studying biological science
YRSTUDY7_TFS Years studying computer science
MATH1-TFS Completed Algebra Il
MATH2_TFS Completed pre-calculus/trigonometry
MATH3_TFS Completed probability and statistics
MATHA4_TFS Completed calculus
MATHS5_TFS Completed AP probability and statistics
MATH6_TFS Completed AP Calculus
INCOME_TFS Parents' total income last year
LESS4AMATH Completed less than four years of math
CREATIVITY _TFS Self-rating of above-average creativity
First-year of college
INNOVATE Alternate solutions to problems
RATEO02 Self-rating of academic ability
RATE23 Self-rating of self-confidence (intellectual)
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Table 34. Standardized (on y) mean differences between missing and non-missing shown for selected potential auxiliary variables

Potential auxiliary variables

CREATIVITY
Model variables MATH2 TFS MATH6 TFS INCOME TFS LESS4MATH INNOVATE RATEO2 RATE23 ~TFS
Pre-college Characteristics & Experiences
Standardized test score -0.214 -0.293 -0.198 0.180 -0.045 -0.361 -0.190 0.029
College Experiences
Professors' expectations -0.085 -0.061 0.027 0.021 0.018 -0.226 -0.070 -0.004
Study skills -0.074 -0.071 0.038 0.021 0.009 -0.146 -0.034 -0.010
Time management -0.007 -0.071 0.032 0.021 0.016 -0.178 -0.034 -0.006
Adjust to college 0.075 0.067 0.036 0.022 0.013 0134 0022
demands -0.007
Seek faculty advice -0.062 -0.060 0.035 0.028 0.034 -0.120 -0.033 0.000
Feel a member of this -0.020
college ' -0.055 0.010 0.044 0.040 -0.102 -0.034 0.000
Feel sense of belonging -0.065
to this campus ' -0.062 0.008 0.042 0.033 -0.106 -0.041 -0.001
Part of the campus -0.060
community -0.055 0.024 0.040 0.045 -0.085 -0.021 -0.003
Academic Success
First-year grades -0.079 -0.074 0.023 0.051 0.059 -0.110 -0.042 0.014
Creativity -0.214 -0.065 0.040 0.025 0.005 -0.252 -0.003 -0.011
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Table 35. Semi-partial residuals (standardized on x and y) of selected potential auxiliary
variables with model variables with more than 5,000 missing responses

Potential auxiliary variables

Model variables MATH2_TFS MATHG6_TFS RATEO2 CREATIVITY_TFS
Standardized test score 192 290 182 .020
Professors' expectations .001 -.003 .053 -.016
Study skills -.001 -.001 .032 .004
Time management .001 .006 .002 -.011
Study skills -.001 -.001 .032 .004
Adjust to college demands -.002 -.014 .069 .029
Seek faculty advice -.022 -.054 .036 .061
Feel a member of this college -.012 -.005 .027 .002
Feel sense of belonging to this campus .000 -.001 -.008 .004
Part of the campus community .039 014 .008 012
First-year grades -.028 .000 247 -.003

Table 36 summarizes the auxiliary variables and their types. Results shown in Table 34
and Table 35 indicate that variables measuring whether a student completed Algebra Il
(MATH2_TFS) and Calculus (MATH6_TFS) are Type C for the standardized test score model
variable. Similarly, students’ self-rating of their academic ability at the end of their first year
(RATEO2) is a Type C variable for both standardized test score (STANDTEST) and students’ self-
rating of their creativity at the end of their first year of college (CREATIVITY1). The only Type
B variable is a student’s self-rating of their creativity as an incoming student
(CREATIVITY_TFS) — it exhibited a semi-partial correlation of greater than 0.3 with creativity
self-rating at the end of their first year of college (CREATIVITY1). Therefore, it should be
included in the imputation process to improve power (Enders, 2022). | did not identify any Type

A auxiliary variables.
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Table 36. Summary of auxiliary variables and their type

Auxiliary variables
Model variables MATH2 TFS MATH6 TFS RATE02 CREATIVITY_TFS
Standardized test score C C C

First-year grades

Creativity C B

Another approach used to decide whether to include a variable extraneous to the model in
multiple imputation is the strength of the correlation between an extraneous variable and a model
variable (UCLA: Statistical Consulting Group, n.d.). Table 37 shows the pairwise correlation
coefficients for select extraneous and model variables. Students’ self-rating of their academic
ability (RATEO2) correlated with standardized test score (STANDTEST; r = .37) and first-year
grades (CURRGPA; r = .50), exceeding the recommendation for inclusion (r > .40; UCLA:
Statistical Consulting Group, n.d.). Students’ pre-college estimate of their parent’s income
(INCOME_TFS) correlated with their concerns about financing college during their first year
(FINANCECONCERN; r = -.22), although it does not meet the .4 threshold. Despite having a
lower correlation than the threshold, T included parents’ income (INCOME) and intellectual self-
confidence (RATE23) in the multiple imputation because of their theoretical connections to a

student’s ability to finance college and self-efficacy, respectively.
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Table 37. Pairwise correlations model variables and variables extraneous to the model

Self-rating of Self-confidence  Standardized test First-year Concerns about financing
academic ability (intellectual) score grades Parent's income college
(RATEO) (RATE23) (STANDTEST)  (CURRGPA) (INCOME_TFS)  (CFINANCONCERN)
Self-rating of academic ability 1
Self-confidence (intellectual) 48 1
Standardized test score 37 .16 1
First-year grades .50 22 .30 1
Parent's income 13 .07 19 .07 1
Concerns about financing college -11 -.08 -17 -12 -.22 1
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A.3 Multiple Imputation: Imputation Phase

In the multiple imputation process, I included the first-year grades and creativity model
variables and the 22 extraneous variables shown in Table 38. | used the indicator variables
related to student engagement in conceptual framework (i.e., HERI academic disengagement
construct), that were not used in the SEMs, in multiple imputation. I also used all of the faculty
interaction and sense of belonging indicator variables; institutional selectivity, SELECTIVITY;
alternative solutions to problems, INNOVATE; frequently bored in class, BOREDCLASS; accepts
mistakes as part of the learning process on the YFCY, RESILIENCEL; interacts with disability
services, DISABSERVICES; and frequently interacts with friends, FRIENDS).

I conducted multiple imputation (i.e., filled in missing responses) using Stata’s
(StataCorp., 2021) multiple imputation by chained equations (MICE; StataCorp., 2021a). MICE
allows individualized imputation models for each variable (StataCorp., 2021a). For example, a
binary model is most appropriate for whether a student reports an ADHD diagnosis (ADHD). An
ordinal model is the proper choice for the ordered study skills (STUDYSKILLS) variable. MICE
also allows truncated regression for variables with a minimum and maximum value (StataCorp.,
2021a).

| designated the univariate method (StataCorp., 2021a) for each variable based on its type
(Table 38): binary variables employed the 1ogit command, and ordinal variables the oclogit
option. For continuous variables, | used ordinary least squares regression for institutional
selectivity (SELECTIVITY) and truncated regression for high school GPA (HSGPA_TFS; min. 1,
max. 8), first-year grades (CURRGPA; min. 2, max. 9), and standardized test score
(STANDTEST; min. 590, max. 1600). For high school and current GPA, | selected the minimum

and maximum values based on the lowest and highest possible item response. For standardized
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test score, | selected the maximum value based on the highest possible SAT score and the lowest
based on a value at which 99.999% of the standardized test scores were above.

| conducted multiple imputation with 30 imputations using 100 burn-in cycles (i.e.,
stabilization cycles before the draw), a seed of 1, and augmented the data to avoid perfect
prediction. Stata’s augment option adds “a few extra observations to the data set (with small

weight) so that no prediction is perfect” (White et al., 2010, p. 394).
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Table 38. Extraneous variables included in multiple imputation

Fraction of
Missing missing
responses responses Type
Pre-college Characteristics and Experiences
Self-rating of creativity 1,554 0.03 ordinal
Self-rating of academic ability 1,578 0.03 ordinal
Self-rating of mathematical
ability 1,591 0.03 ordinal
Self-rating of self-confidence
(intellectual) 1,630 0.04 ordinal
Self-rating of drive to achieve 1,568 0.03 ordinal
College Experience
Institutional selectivity 302 0.01 continuous
Adjust to academic demands of
college 5,078 0.11 ordinal
Frequency late to class 5,721 0.12 ordinal
) Frequency skipped class 8,995 0.20 ordinal
_ Academic Frequency of turning in a
disengagement course assignment(s) late 8,949 0.19 ordinal
Frequency of turning in course
assignments that did not reflect
your best work 9,046 0.20 ordinal
Frequency fell asleep in class 9,071 0.20 ordinal
Satisfaction with
communication with faculty
Faculty interaction (not asked in 2017) 12,984 0.28 ordinal
Communicated regularly with
your professors 7,108 0.15 binary
Sense of belonging Recommend this college to 6,533 0.14 ordinal
others
Alternative solutions to
problems 4,611 0.10 ordinal
Frequently bored in class 5,587 0.12 binary
Interacts with disability
services 5,138 0.11 binary
Interacts frequently with
friends 1,949 0.04 binary
Self-rating of academic ability 4,890 0.11 ordinal
Self-confidence (intellectual) 4,926 0.11 ordinal
Academic success
Accepts mistakes as part of the
learning process 4,508 0.10 ordinal
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A.4 Multiple Imputation Diagnostics

Imputation diagnostics suggest the adequacy of 30 imputations with 100 burn-in cycles
for multiple imputation. Table 39 provides three diagnostic measures (relative increase in
variance, RVI; fraction of missing information, FMI; and relative efficiency, RE; UCLA:
Statistical Consulting Group, n.d.) for each model variable based on a first-year grades multiple
regression. Stata does not provide these diagnostic measures following SEM because SEM of
multiply imputed data is currently not supported.

The RVI is a measure of the increase in variance due to missing data; it considers the
amount of missing data for a variable and that variable’s correlation with other model variables
(UCLA: Statistical Consulting Group, n.d.). Variables with high RVIs are most difficult for
multiple imputation; they have a large amount of missing data or are not highly correlated with
other variables (UCLA: Statistical Consulting Group, n.d.). Likely due to the relatively large
amount of missing data, standardized test score has the highest RV (.4173), meaning 41.73% of
the variance stems from missing data. The variables for ADHD (RVI =.3050) and first-
generation college (RVI = .2775) have the next largest RVIs. This is likely because they do not
highly correlate with other model variables and are more difficult to impute.

The FMI is another measure of the variance occurring due to missing data (UCLA:
Statistical Consulting Group, n.d.). The largest FMI (.2986) was for STANDTEST, followed by
ADHD (.2366), meaning that 29.86% and 23.66% of the sampling variance resulted from
missing data. Generally, the imputations should equal or exceed the largest FMI (UCLA:
Statistical Consulting Group, n.d.). Standardized test score (STANDTEST) has the largest FMI
(.2986), suggesting 30 imputations is adequate. To further determine the adequacy of 30

imputations for standard error replication, | used VVon Hippel’s (2018) formula,

188



M = 1+ % (FMI / CV(se))?
where M is the number of imputations, FMI is the fraction of missing information (i.e., variance
resulting from missing data), and CV(se) is the coefficient of variation. Allowing for a coefficient
of variation of 5% with an FMI of .2986 requires 19 imputations, again suggesting the adequacy
of 30 imputations. For 30 imputations, the CV(se) is less than 4% (3.92%).

Lastly, the RE provides the efficiency of the 30 imputations compared to an infinite
number of imputations (UCLA: Statistical Consulting Group, n.d.). For my analysis, RE is larger
than .99 for all model variables.

| also determined the sufficiency of 100 burn-in cycles from trace plots (UCLA:
Statistical Consulting Group, n.d.). Trace plots for the mean (Figure 21) and standard deviation
(Figure 22) of standardized test score are shown for three imputation cycles (1, 15, and 30); they
indicate convergence within the 100 burn-in cycles. The means and standard deviations quickly
flatten out indicating they are almost immediately stable (UCLA: Statistical Consulting Group,

n.d.).
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Table 39. Relative increase in variance (RVI), fraction of missing information (FMI), and
relative efficiency (RE) for the 30 imputations based on first-year grades regressed on the model
variables

RVI FMI RE
Pre-college Characteristics and Experiences
ADHD 305 .237 .992
Underrepresented racial/ethnic group 247 200 .993
Female 095 .087 .997
First-generation college 278 220 .993
High school GPA 205 172 994
Standardized test score 417 299 990
Resilient 134 119 .996
College experience

Concerns financing college A77 151 995
Understands professors expectations 173 149 995
Study skills 157 137 .996
Time management 248 201 993
Adjust to demands of college 211 176 .994
Interaction with faculty outside of class/office hours .143 .126 .996
Seek advice from faculty 252 203 .993
Interact with faculty during office hours .063 .059 .998
Feel member of this college 183 156 .995
Feel sense of belonging to this campus 151 132 996
Part of the campus community 166 .143 995

After multiple imputation, | compared summary statistics for key variables (i.e., those
with the greatest percentage of missing responses) across imputations (Table 40). Overall, the
imputed fractions and means are similar across the imputed data sets. For standardized test score
(STANDTEST), the mean of the original data set, 1233.8, was slightly higher than the consistent
imputed data set means, approximately 1216. A lower mean of the standardized test score in the
imputed data sets is unsurprising for MAR or MNAR data; students with lower test scores may

be less likely to report them. Similarly, the number of students reporting an ADHD diagnosis is
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higher in the imputed than in the original data set. Students with an ADHD diagnosis may be less
likely to respond to the survey item about an ADHD diagnosis if they are concerned that
responding may potentially disclose this to their institution.

| further considered the distributions and kernel densities of imputed variables,
particularly those with larger fractions of missing data, in assessing the adequacy of the
imputation. The density graphs of standardized test scores (STANDTEST; Figure 23) of the
incomplete data set resemble the distributions of the imputed data sets. This is similarly observed
for average high school grade (HSGPA_TFS; Figure 24). This is further indication of the

adequacy of multiple imputed data sets.

Figure 21. Trace plots for the estimated mean of standardized test score as a function of
iteration for imputation 1 (upper left), 15 (upper right), and 30 (lower) over the 100 burn-in
cycles
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Figure 22. Trace plots of the 100 burn-in cycles for the estimated standard deviation of

standardized test scores as a function of iteration for the 1st (upper left), 15th (upper right), and

30th (lower) imputation
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Table 40. Summary (fraction or mean and standard deviation) of original and imputed data sets
for selected variables

Imputation cycle

Original 1 5 10 15 20 30
ADHD
ADHD (number) 2,082 2,236 2,226 2,228 2,224 2,220 2,249
ADHD (fraction) 0.049 0.049 0.049 0.049 0.048 0.048 0.484
Creativity

Average or below (fraction)  0.397 0.444 0443 0444 0444 0444 0.444
Above average (fraction) 0.363 0.407 0.409 0.407 0.408 0.407 0.407
Top 10% (fraction) 0.133 0.149 0.148 0.149 0.148 0.149 0.149

Fraction missing 0.107

Standardized test score
Mean 1233.8 1216.6 1216.1 1216.7 1216.1 1216.3 1216.3

SD 164.3 168.1 1684 1674 168.2 168.1 168.1
First-year grades

Mean 6.7 6.7 6.7 6.7 6.7 6.7 6.7

SD 1.2 1.2 1.2 1.2 1.2 1.2 1.2
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Figure 23. Density plots of actual standardized test scores (top left) and data from the 1st, 5th,

10th, 20th, and 30th imputation
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Figure 24. Density of actual average high school grade (top left) and data from the 1st, 5th,
10th, 20th, and 30th imputation
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A.5 Summary

The missing data in this study is not missing completely at random (MCAR).
Respondents with certain characteristics (e.g., first-generation college students) are more likely
to have missing responses on some regressors (e.g., standardized test score and first-year grades).
Furthermore, respondents with specific characteristics (e.g., ADHD) are more likely to have
missing responses for items asking about that characteristic. Because the data is not MCAR,
dropping respondents with missing responses results in the data set no longer containing

representative data. For example, it shifts to respondents with higher standardized test scores and
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first-year grades with no ADHD diagnosis. Statistical analysis of this subsample may lead to bias

coefficients and standardized errors.

196



Bibliography

Ackerman, P. L., Kanfer, R., & Beier, M. E. (2013). Trait complex, cognitive ability, and domain
knowledge predictors of baccalaureate success, STEM persistence, and gender
differences. Journal of Educational Psychology, 105(3), 911-927.
https://doi.org/10.1037/a0032338

ACT. (n.d.). 2018 ACT/SAT concordance tables.
https://www.act.org/content/dam/act/unsecured/documents/pdfs/ACT-SAT-
Concordance.pdf

ADDitude editors. (2022). ADHD Statistics: New ADD facts and research. ADDitude: Inside the
ADHD mind. https://www.additudemag.com/statistics-of-adhd/

ADDitude editors. (2023). What Is ADHD? Attention deficit hyperactivity disorder in children
and adults. ADDitude: Inside the ADHD mind. https://www.additudemag.com/what-is-
adhd-symptoms-causes-treatments/

Advokat, C., Lane, S. M., & Luo, C. (2011). College students with and without ADHD:
Comparison of self-report of medication usage, study habits, and academic achievement.
Journal of Attention Disorders, 15(8), 656-666.
https://doi.org/10.1177/1087054710371168

Ahrens, B., Lee, M., Zweibruck, C., Tumanan, J., Larkin, T., & Beck, A. (2019). The role of
executive function skills for college-age students. Graduate Independent Studies -
Communication Sciences and Disorders, 19. https://ir.library.illinoisstate.edu/giscsd/19

Akoglu, H. (2018). User’s guide to correlation coefficients. Turkish Journal of Emergency
Medicine, 18(3), 91-93. https://doi.org/10.1016/j.tjem.2018.08.001.

Allison, P. D. (2002). Missing data. Sage Publications, Inc.

Allsopp, D. H., Minskoff, E. H., & Bolt, L. (2005). Individualized course-specific strategy
instruction for college students with learning disabilities and ADHD: Lessons learned
from a model demonstration project. Learning Disabilities Research & Practice, 20(2),
103-118. https://doi.org/10.1111/].1540-5826.2005.00126.x

American Psychological Association. (2023). APA Style: Bias-free language. APA Style.
https://apastyle.apa.org/style-grammar-guidelines/bias-free-language

197



Apkarian, N., Henderson, C., Stains, M., Raker, J., Johnson, E., Dancy, M. (2021). What really
impacts the use of active learning in undergraduate STEM education? Results from a
national survey of chemistry, mathematics, and physics instructors. PloS One, 16(2),
e0247544—0247544. https://doi.org/10.1371/journal.pone.0247544.

Astin, A. W. (1993). What matters in college? Four critical years revisited. Jossey-Bass.

Australian Federation of Disability Organisations. (n.d.). Social model of disability.
https://www.afdo.org.au/social-model-of-
disability/#:~:text=The%?20social%20model%200f%20disability%20says%20that%20pe
ople%20are%20disabled,can't%20do%20certain%20things.

Baker, R. W., & Siryk, B. (1984). Measuring adjustment to college. Journal of Counseling
Psychology, 31(2), 179-189.

Barkley, R. (2002). Major life activity and health outcomes associated with attention-
deficit/hyperactivity disorder. Journal of Clinical Psychiatry, 63(12), 10-15.

Baron, R. M., & Kenny, D. A. (1986). The moderator-mediator variable distinction in social
psychological research: Conceptual, strategic, and statistical considerations. Journal of
Personality and Social Psychology, 51(6), 1173-82. https://doi.org/10.1037/0022-
3514.51.6.1173

Barron, F., & Welsh, G. S. (1952). Artistic perception as a possible factor in personality
style: Its measurement by a figure preference test. Journal of Psychology, 33, 199-203.

Bauer, D., & Curran, P. (2022). Free Introduction to Structural Equation Modeling [Prerecorded
lecture]. Retrieved from https://centerstat.org/introduction-to-structural-equation-
modeling/

Baumer, N., & Frueh, J. (2021). What is neurodiversity? Harvard Health Publishing.
https://www.health.harvard.edu/blog/what-is-neurodiversity-202111232645

Beghetto, R. A., Kaufman, J. C., & Baxter, J. (2011). Answering the unexpected questions:
Exploring the relationship between students’ creative self-efficacy and teacher ratings of
creativity. Psychology of Aesthetics, Creativity, and the Arts, 5(4), 342-349.

Belland, B. R., Kim, C., & Hannafin, M. J. (2013). A framework for designing scaffolds that
improve motivation and cognition. Educational psychologist, 48(4), 243-270.
https://doi.org/10.1080/00461520.2013.838920.

Bettencourt, G. M., Manly, C. A., Kimball, E., & Wells, R. S. (2020). STEM degree completion
and first-generation college students: A cumulative disadvantage approach to the
outcomes gap. Review of Higher Education, 43(3), 753-779.
https://doi.org/10.1353/rhe.2020.0006

198



Bittmann, F. (2021). When problems just bounce back: About the relation between resilience
and academic success in German tertiary education. SN Social Sciences, 1, 65.
https://doi.org/10.1007/s43545-021-00060-6

Blase, S. L., Gilbert, A. N., Anastopoulos, A. D., Costello, E. J., Hoyle, R. H., Swartzwelder, H.
S., & Rabiner, D. L. (2009). Self-reported ADHD and adjustment in college: Cross-
sectional and longitudinal findings. Journal of Attention Disorders, 13(3), 297-309.
https://doi.org/10.1177/1087054709334446

Bollen, K. A., and Hoyle, R. H. (1990). Perceived cohesion: A conceptual and empirical
examination. Social Forces, 69(2), 479-504.

Boot, N., Nevicka, B., & Baas, M. (2017). Subclinical symptoms of attention-
deficit/hyperactivity disorder (ADHD) are associated with specific creative processes.
Personality and Individual Differences, 114, 73-81.
https://doi.org/10.1016/j.paid.2017.03.050

Borrego, M., Froyd, J. E., & Hall, T. S. (2010). Diffusion of engineering education innovations:
A survey of awareness and adoption rates in U.S. engineering departments. Journal of
Engineering Education, 99(3), 185-207. https://doi.org/10.1002/].2168-
9830.2010.tb01056.x

Bowman, N. A., Miller, A., Woosley, S., Maxwell, N. P., & Kolze, M. J. (2019). Understanding
the link between noncognitive attributes and college retention. Research in Higher
Education, 60(2), 135-152. https://doi.org/10.1007/s11162-018-9508-0

Brown, T. E. (2009). ADD/ADHD and impaired executive function in clinical practice. Current
Attention Disorders Reports, 1(1), 37-41. https://doi.org/10.1007/s12618-009-0006-3.

Brown, T. E. (2013). A new understanding of ADHD in children and adults: Executive function
impairments. Routledge.

Cabrera, A. F., Nora, A., & Castafieda, M. B. (1992). The role of finances in the persistence
process: A structural model. Research in Higher Education, 33, 571-593.

Canu, W. H., & Carlson, C. L. (2007). Rejection sensitivity and social outcomes of young adult
men with ADHD. Journal of Attention Disorders, 10(3), 261-275.
https://doi.org/10.1177/1087054706288106

Canu, W. H., Newman, M. L., Morrow, T. L., & Pope, D. L. W. (2008). Social appraisal of adult
ADHD: Stigma and influences of the beholder’s big five personality traits. Journal of
Attention Disorders, 11(6), 700-710. https://doi.org/10.1177/1087054707305090

Canu, W. H., Stevens, A. E., Ranson, L., Lefler, E. K., LaCount, P., Serrano, J. W., Willcutt, E.,
& Hartung, C. M. (2021). College readiness: Differences between first-year

199



undergraduates with and without ADHD. Journal of Learning Disabilities, 54(6), 403-
411.10.1177/0022219420972693

Casuso-Holgado, M. J., Cuesta-Vargas, A. I., Moreno-Morales, N., Labajos-Manzanares, M. T.,
Baron-Lopez, F. J., Vega-Cuesta, M. (2013). The association between academic
engagement and achievement in health sciences students. BMC Medical Education, 13,
33. https://doi.org/10.1186/1472-6920-13-33.

Carroll, L. J., Finelli, C. J., Prince, M. J., Graham, M. C., Husman, J., Andrews, M. E., &
Borrego, M. (2022). An analysis of an instructional development workshop to promote
the adoption of active learning in STEM: Potential implications for faculty developers.
International Journal of Engineering Education, 38(4), 900-1009.
https://www.ijee.ie/latestissues/VVol38-4/11 ijee4216.pdf

Carroll, L. J., & Finelli, C. J. (2021, July). Work in progress: College students with ADHD: A
framework for studying the role of the college experience on academic success. In: 2021
ASEE Annual Conference. https://peer.asee.org/work-in-progress-college-students-with-
adhd-a-framework-for-studying-the-role-of-the-college-experience-on-academic-success

Carroll, L., Finelli, C. J., & DesJardins, S. L. (2022, February). Academic success of college
students with ADHD: The first year of college. In: 2022 CoNECD (Collaborative
Network for Engineering & Computing Diversity), New Orleans, Louisiana.
https://peer.asee.org/academic-success-of-college-students-with-adhd-the-first-year-of-
college

CAST. (2023). About universal design for learning. https://www.cast.org/impact/universal-
design-for-learning-udl

CAST. (2023a). Engagement: Guidelines and checkpoints.
https://udlguidelines.cast.org/engagement/?utm_source=castsite&utm_medium=web&ut
m_campaign=none&utm_content=aboutudl& gl=1*16954h4* ga*MTg3NDQ2MzkzM
C4xNjc3NJAWNTA3* ga_C7LXP5M74W*MTY4MjMINzAXNy4zLjEUMTY4MjMI1N
zQxOCAwWLJAUMA.

Center on the Developing Child at Harvard University. (2011). Building the brain’s “air traffic
control” system: How early experiences shape the development of executive function:
Working paper no. 11. http://www.developing child.harvard.edu

Chew, B. L., Jensen, S. A., & Rosén, L. A. (2009). College students’ attitudes toward their peers.
Journal of Attention Disorders, 13(3), 271-276.
https://doi.org/10.1177/1087054709333347

Chi, M. T., & Wylie, R. (2014). The ICAP framework: Linking cognitive engagement to active

learning outcomes. Educational Psychologist, 49(4), 219-243.
https://doi.org/10.1080/00461520.2014.965823

200



Chrysochoou, M., Zaghi, A. E., & Mosher Syharat, C. (2022). Reframing neurodiversity in
engineering education. Frontiers in Education, 7:995865.

Chung, W., Jiang, S., Paksarian, D., Nikolaidis, A., Castellanos, F. X., Merikangas, K. R., &
Milham, M. P. (2019). Trends in the prevalence and incidence of attention-
deficit/hyperactivity disorder among adults and children of different racial and ethnic
groups. JAMA network open, 2(11), e1914344.
https://doi.org/10.1001/jamanetworkopen.2019.14344

Cleveland Clinic. (n.d.). Neurodivergent. https://my.clevelandclinic.org/health/symptoms/23154-
neurodivergent

Cohen, J. (2013). Statistical power analysis for the behavioral sciences. Academic Press.

Collier, D. A., Fitzpatrick, D., Brehm, C., Hearit, K., & Beach, A. (2020). Structuring first-year
retention at a regional public institution: Validating and refining the structure of
Bowman’s SEM analysis. Research in Higher Education, 61, 917-942.
https://doi.org/10.1007/s11162-020-09612-w

Coker, T. R., Elliott, M. N., Toomey, S. L., Schwebel, D. C., Cuccaro, P., Tortolero Emery, S.,
Davies, S. L., Visser, S. N., & Schuster, M. A. (2016). Racial and ethnic disparities in
ADHD diagnosis and treatment. Pediatrics, 138(3), e20160407. ¢10.1542/peds.2016-
0407

Curran, P. J., West, S. G., & Finch, J. F. (1996). The robustness of test statistics to nonnormality
and specification error in confirmatory factor analysis. Psychological Methods, 1(1), 16-
29. https://doi.org/10.1037/1082-989X.1.1.16

Cutler, S., Borrego, M., Henderson, C., Prince, M., & Froyd, J. (2012). A comparison of
electrical, computer, and chemical engineering faculty's progression through the
innovation-decision process. 2012 IEEE Frontiers in Education Conference. IEEE.
https://doi.org/10.1109/FIE.2012.6462405

Dagley Falls, M. (2009). Psychological sense of community and retention: Rethinking the First -
year experience of students in STEM. [Doctoral dissertation, East Tennessee State
University]. ProQuest.

Delisle, J., & Braun, C. M. J. (2011). A context for normalizing impulsiveness at work for adults
with Attention Deficit/Hyperactivity Disorder (combined type). Archives of Clinical
Neuropsychology, 26(7), 602-613. https://doi.org/10.1093/arclin/acr043

Diamond, A. (2013). Executive functions. Annual Review of Psychology, 64, 135-68.
https://doi.org/10.1146/annurev-psych-113011-143750

Disabled World. (2022). What is: Neurodiversity, neurodivergent, neurotypical.
https://www.disabled-world.com/disability/awareness/neurodiversity/

201



Dolin, A. (2022). 7 secrets to studying better with ADHD. ADDitude.
https://www.additudemag.com/learn-more-in-less-time/

DuPaul, G. J., Weyandt, L. L., O'Dell, S. M., & Varejao, M. (2009). College students with
ADHD: Current status and future directions. Journal of Attention Disorders, 13(3), 234-
250. https://doi.org/10.1177/1087054709340650

DuPaul, G. J., Pinho, T. D., Pollack, B. L., Gormley, M. J. & Laracy, S. D. (2017). First-year
college students with ADHD and/or LD: Differences in engagement, positive core self-
evaluation, school preparation, and college expectations. Journal of Learning
Disabilities, 50(3), 238-251. https://doi.org/10.1177/0022219415617164

DuPaul, G. J., Gormley, M. J., Anastopoulos, A. D., Weyandt, L. L., Labban, J., Sass, A. J.,
Busch, C. Z., Franklin, M. K., & Postler, K. B. (2021). Academic trajectories of college
students with and without ADHD: Predictors of four-year outcomes. Journal of Clinical
Child and Adolescent Psychology, 1-16. https://doi.org/10.1080/15374416.2020.1867990

Dwyer, P. (2022). The neurodiversity approach(es): What are they and what do they mean for
researchers? Human Development, 66(2), 73-92. https://doi.org/10.1159/000523723

Eagan, M. K., Stolzenberg, E. B., Zimmerman, H. B., Aragon, M. C., Whang Sayson, H., &
Rios-Aguilar, C. (2017). The American freshman: National norms Fall 2016.
https://www.heri.ucla.edu/monographs/TheAmericanFreshman2016.pdf

Enders, C. K. (2022). Applied missing data analysis (2nd ed.). The Guilford Press.

Enders, C. K. (2022, June 1-3). Modern missing data analysis [Online course]. CenterStat.
https://centerstat.org/missing-data-analysis/

Estepp, C. M., & Roberts, T. G. (2015). Teacher immediacy and professor/student rapport as
predictors of motivation and engagement. North American Colleges and Teachers of
Agriculture Journal. 59(2), 155-163.

Farrington, C. A., Roderick, M., Allensworth, E., Nagaoka, J., Keyes, T. S., Johnson, D. W.,
et al. (2012). Teaching adolescents to become learners. The role of noncognitive factors
in shaping school performance: A critical literature review. Chicago: University of
Chicago Consortium on Chicago School Research.

Finelli, C. J., Holsapple, M. A, Ra, E., Bielby, R. M., Burt, B. A. Carpenter, D. D., Harding, T.
S., & Sutkus, J. A. (2012). An assessment of engineering students’ curricular and co-
curricular experiences and their ethical development. Journal of Engineering Education,
101(3), 469-94. https://doi.org/10.1002/j.2168-9830.2012.tb00058.x

202



Fleming, A., & McMahon, R. J. (2012). Developmental context and treatment principles for
ADHD among college students. Clinical Child and Family Psychology Review, 15(4),
303-329. https://doi.org/10.1007/s10567-012-0121-z

Flynn, D. T. (2016). STEM field persistence: The impact of engagement on postsecondary
STEM persistence for underrepresented minority students. Journal of Educational Issues,
2(1), 185-214.

Frazier, T. W., Youngstrom, E. A., Glutting, J. J., & Watkins, M. W. (2007). ADHD and
achievement: Meta-analysis of the child, adolescent, and adult literatures and a
concomitant study with college students. Journal of Learning Disabilities, 40(1), 49-65.
https://doi.org/10.1177/00222194070400010401

Freeman, S., Eddy, S. L., McDonough, M., Smith, M. K., Okoroafor, N., Jordt, H., &
Wenderoth, M. P. (2014). Active learning increases student performance in science,
engineering, and mathematics. Proceedings of the National Academy of Sciences,
111(23), 8410-8415. https://doi.org/10.1073/pnas.1319030111

Frisby, B. N., Slone, A. R., & Bengu, E. (2017). Rapport, motivation, participation, and
perceptions of learning in US and Turkish student classrooms: A replication and cultural
comparison. Communication Education, 66(2), 183-195.

Furnham, A., Zhang, J., & Chamorro-Premuzic, T. (2006). The relationship between
psychometric and self-estimated intelligence, creativity, personality and academic
achievement. Imagination, Cognition and Personality, 25(2), 119-

145. https://doi.org/10.2190/530V-3M9U-7UQ8-FMBG

Gajda, A., Karwowski, M., & Beghetto, R. A. (2016). Creativity and academic achievement: A
meta-analysis. Journal of Educational Psychology, 109(2), 269-299.
https://doi.org/10.1037/edu0000133

Garcia-Martinez, 1., Augusto-Landa, J. M., Quijano-Lépez, R., & Ledn, S. P. (2022). Self-
concept as a mediator of the relation between university students’ resilience and
academic achievement. Frontiers in Psychology, 12, 747168.
https://doi.org/10.3389/fpsyq.2021.747168

Geiser, S., & Santelices, M. V. (2007). Validity of high-school grades in predicting student
success beyond the freshman year high-school record vs. standardized tests as indicators
of four-year college outcomes. Research & Occasional Paper Series: CSHE.6.07.

Goodley, D. (2011). Introduction: Global disability studies. Disability Studies: An
Interdisciplinary Introduction. Sage.

Gormley, M. J., DuPaul, G. J., Anastopoulos, A. D., & Weyandt, L. L. (2019). First year GPA
and academic service use among college students with and without ADHD. Journal of
Attention Disorders, 23(14), 1766-1779. https://doi.org/10.1177/1087054715623046

203



Green, A. L., & Rabine, D. L. (2012). What do we really know about ADHD in college students?
Neurotherapeutics, 9, 559-568. https://doi.org/10.1007/s13311-012-0127-8

Griful-Freixenet, J., Struyven, K., Verstichele, M., & Andries, C. (2017). Higher education
students with disabilities speaking out: Perceived barriers and opportunities of the
Universal Design for Learning framework. Disability & Society, 32(10), 1627-1649.

Hain, A., Zaghi, A. E., & Taylor, C. L. (2018). Promoting neurodiversity in engineering through
undergraduate research. ASEE Annual Conference and Exposition. American Society for
Engineering Education.

Haktanir, A., Watson, J. C., Ermis, H., Karaman, M. A., Freeman, P., Kuraman, A., & Streeter,
A. (2021). Resilience, academic self-concept, and college adjustment among first-year
students. Journal of College Student Retention: Research, Theory, and Practice. 23(1),
161-178. https://doi.org/10.1177/1521025118810666

Hausmann, L. R. M., Schofield, J. W., & Woods, R.L. (2007). Sense of belonging as a predictor
of intentions to persist among African American and white first-year college students.
Research in Higher Education, 48(7), 803-839. https://doi.org/10.1007/s11162-007-
9052-9

Hechtman, L., Swanson, J. M., Sibley, M. H., Stehli, A., Owens, E. B., Mitchell, J. T., Arnold, L.
E., et al. (2016). Functional adult outcomes 16 years after childhood diagnosis of
attention-deficit/hyperactivity disorder: MTA results. Journal of the American Academy
of Child and Adolescent Psychiatry, 55(11), 945-952.e2.
https://doi.org/10.1016/j.jaac.2016.07.774

Henning C., Summerfeldt L. J., Parker J. D. A. (2022). ADHD and academic success in
university students: The important role of impaired attention. Journal of Attention
Disorders, 26(6), 893-901. https://doi.org/10.1177/10870547211036758

Higher Education Research Institute. (n.d.). CIRP Freshman Survey. https://heri.ucla.edu/cirp-
freshman-survey

Higher Education Research Institute. (n.d.a). Your First College Year Survey.
https://heri.ucla.edu/your-first-college-year-survey

Higher Education Research Institute. (n.d.b). Instruments and Codebooks.
https://heri.ucla.edu/instruments

Higher Education Research Institute. (n.d.c). Data Access for Researchers.
https://heri.ucla.edu/data-access-for-researchers/

204



Higher Education Research Institute. (n.d.d). CIRP Construct technical report Appendix 2016-
2017 Construct Parameters.
https://www.heri.ucla.edu/PDFs/constructs/Appendix2017.pdf

Hinz, S. E., Arbeit, C. A., & Bentz, A. (2018). Characteristics and outcomes of undergraduates
with disabilities. U.S. Department of Education.
https://nces.ed.gov/pubs2018/2018432.pdf

Hooper, D., Coughlan, J., and Mullen, M. R.. (2008). Structural equation modelling: Guidelines
for determining model fit. Electronic Journal of Business Research Methods, 6(1), 53-60.

Hu, L., & Bentler, P. (1995). Evaluating model fit. In R. H. Hoyle (Ed.), Structural equation
modeling: Concepts, issues, and applications (pp. 76-99). Sage Publications.

Independent Educational Consultants Association. (2022). Neurodiversity in College
Admissions. www.iecaonline.com/quick-links/ieca-news-center/insights-
newsletter/nsights-summer-2022/neurodiversity-in-college-admissions/

Indiana University Center for Postsecondary Research (2021). 2021 Update public file. [Data
file]. Retrieved from https://carnegieclassifications.acenet.edu/downloads.php

Institute of Education Sciences, National Center for Education Statistics. (2018, May). Fast facts:
Students with disabilities: Table 311.10. In Digest of education statistics.
https://nces.ed.gov/programs/digest/d20/tables/dt20_311.10.asp

James, W., Lamons, K., Schreffler, J., Vasquez, E., & Chini, J. J. (2017). Exploring learner
variability: Experiences of students with cognitive disabilities in post-secondary STEM.
Physics Education Research Conference. https://doi.org/10.1119/perc.2017.pr.043

James, W., Bustamante, C., Lamons, K., Scanlon, E., & Chini, J. J. (2020). Disabling barriers
experienced by students with disabilities in postsecondary introductory physics. Physical
Review Physics Education Research, 16(2), 020111.
https://doi.org/10.1103/PhysRevPhysEducRes.16.020111

Kenny, D. A. (2021). Mediation.
https://davidakenny.net/cm/mediate.htm#:~:text=Partial%20mediation%?20is%20the%20
case,outcome%20and%20not%20vice%20versa.

Kessler, R. C., Adler, L., Barkley, R., Biederman, J., Conners, C. K., Demler. O., Faraone, S. V.,
Greenhill, L. L., Howes, M. J., Secnik, K., Spencer, T., Ustun, T. B., Walters, E. E., &
Zaslavsky, A. M. (2006). The prevalence and correlates of adult ADHD in the United
States: Results from the National Comorbidity Survey Replication. The American
Journal of Psychiatry, 163(4), 716—723. https://doi.org/10.1176/ajp.2006.163.4.716

205



Khalis, A. Mikami, A. Y., & Hudec, K. L. (2018). Positive peer relationships facilitate
adjustment in the transition to university for emerging adults with ADHD symptoms.
Emerging Adulthood, 6(4), 243-254. https://doi.org/10.1177/2167696817722471

Kline, R. B. (2016). Principles and practice of structural equation modeling (4th ed.). The
Guilford Press.

Koch, L. C., Lo, W., Mamiseishvili, K., Lee, D., & Hill, J. (2018). The effect of learning
disabilities, attention deficit hyperactivity disorder, and psychiatric disabilities on three-
year persistence outcomes at four-year higher education institutions. Journal of
Vocational Rehabilitation, 48(3), 359-367. https://doi.org/10.3233/JVR-180944

Kupers, E., Van Dijk, & M., Lehmann-Wermser, A. (2018). Creativity in the here and now: A
generic, micro-developmental measure of creativity. Frontiers in Psychology, 8(9), 2095.
https://doi.org/10.3389/fpsyg.2018.02095

Kwon, S. J. Kim, Y., & Kwak, Y. (2018). Difficulties faced by university students with self-
reported symptoms of attention-deficit hyperactivity disorder: A qualitative study. Child
and Adolescent Psychiatry and Mental Health, 12(12), 1-8.
https://doi.org/10.1186/s13034-018-0218-3

LaBelle, S., & Johnson, Z. D. (2018). Student-to-student confirmation in the college classroom:
The development and validation of the Student-to-Student Confirmation Scale.
Communication Education, 67(2), 185-205.
https://doi.org/10.1080/03634523.2018.1427879

Lammers, W. J., Gillaspy, J. A., & Hancock, F. (2017). Predicting academic success with early,
middle, and late semester assessment of student—instructor rapport. Teaching of
Psychology, 44(2), 145-149. https://doi.org/10.1177/0098628317692618

Lasky, A. K., Weisner, T. S., Jensen, P. S. Hinshaw, S. P. Hechtman, L., Arnold, L. E., Murray,
D. W., & Swanson, J. M. (2016). ADHD in context: Young adults’ reports of the impact
of occupational environment on the manifestation of ADHD. Social Science & Medicine,
161,160-168. https://doi.org/10.1016/j.socscimed.2016.06.003

Lefler, E. K., Sacchetti, G. M., & Del Carlo, D. I. (2016). ADHD in college: A qualitative
analysis. ADHD Attention Deficit Hyperactivity Disorders, 8(2), 79-93.
https://doi.org/10.1007/s12402-016-0190-9

Long, J. S. (1997). Regression models for categorical and limited dependent variables. Sage
Publications, Inc.

Lovett, M. C. (2013). Make exams worth more than the grade: Using exam wrappers to promote
metacognition. In M. Kaplan, N. Silver, D. LaVague-Manty, & D. Meizlish (Eds.), Using
reflection and metacognition to improve student learning: Across the disciplines, across
the academy (pp. 18-52). Stylus.

206



Lucke, T., Dunn, P. K. & Christie, M. (2017). Activating learning in engineering education using
ICT and the concept of flipping the classroom. European Journal of Engineering
Education, 42(1), 45-57. https://doi.org/10.1080/03043797.2016.1201460

MacCallum, R. C., Browne, M. W., & Sugawara, H. M. (1996). Power analysis and
determination of sample size for covariance structure modeling. Psychological Methods,
1(2), 130-149. https://doi.org/10.1037/1082-989X.1.2.130

Mahdi, S., Viljoen, M., Massuti, R., Selb, M., Almodayfer, O., Karande, S., de Vries, P.J.,
Rohde, L., & Bdlte, S. (2017). An international qualitative study of ability and disability
in ADHD using the WHO-ICF framework. European Child & Adolescent Psychiatry,
26(10), 1219-1231. https://doi.org/10.1007/s00787-017-0983-1

Maitland, T. E. L., & Quinn, P. O. (2011). Ready for takeoff: Preparing your teen with ADHD or
LD for college. Magination Press.

Manduca, C. A., Iverson, E. R., Luxenberg, M., Macdonald, R. H., McConnell, D. A., Mogk, D.
W., & Tewksbury, B. J. (2017). Improving undergraduate STEM education: The efficacy
of discipline-based professional development. Science Advances, 3(2), €1600193. https://
doi.org/10.1126/sciadv.1600193

McKee, T. (2017). Peer relationships in undergraduates with ADHD symptomatology: Selection
and quality of friendships. Journal of Attention Disorders, 21(12), 1020-1029.
https://doi.org/10.1177/1087054714554934

Meaux, J. B., Green, A., & Broussard, L. (2009). ADHD in the college student: A block in the
road. Journal of Psychiatric and Mental Health Nursing, 16, 248-256.
https://doi.org/10.1111/j.1365-2850.2008.01349.x

Miller, A. L., Williams, L. M., Silberstein, S. M. (2019). Found my place: The importance of
faculty relationships for seniors’ sense of belonging. Higher Education Research and
Development, 38(3), 594-608. https://doi.org/10.1080/07294360.2018.1551333.

Morgan, P. L., Staff, J., Hillemeier, M. M., Farkas, G., & Maczuga, S. (2013). Racial and ethnic
disparities in ADHD diagnosis from kindergarten to eighth grade. Pediatrics, 132(1), 85-
93. https://doi.org/10.1542/peds.2012-2390

Morsink, S., Van der Oord, S., Antrop, I., Danckaerts, M., & Scheres, A. (2022). Studying
motivation in ADHD: The role of internal motives and the relevance of self
determination theory. Journal of Attention Disorders, 26(8), 1139-1158.
https://doi.org/10.1177/10870547211050948

Moskal, B. M. (2014). Diversity's forgotten dimension. ASEE PRISM. http://www.asee-
prism.org/asee-today-dec-2/

207



Muthen, B., & Kaplan, D. (1992). A comparison of some methodologies for the factor analysis
of non-normal Likert variables: A note on the size of the model. British Journal of
Mathematical and Statistical Psychology, 45(1), 19-30. https://doi.org/c10.1111/].2044-
8317.1992.tb00975.x

National Center for Education Statistics. (2018). Digest of Education Statistics. Table 311.10.
Number and percentage distribution of students enrolled in postsecondary institutions, by
level, disability status, and selected student characteristics: 2015-16
https://nces.ed.gov/programs/digest/d21/tables/dt21 311.10.asp

National Center for Education Statistics. (2022, April). A majority of college students with
disabilities do not inform school, new NCES data show.
https://nces.ed.gov/whatsnew/press_releases/4 26 2022.asp

Nave, L. (Executive Producer). (2020, January 21). Episode 28: Letting students lead with Dody
Pelts [Audio podcast]. Think UDL. https://thinkudl.org/episodes/letting-students-lead-
with-dody-pelts

Nave, L. (Executive Producer). (2022, May 17). Episode 85: Design for divergence with Megan
Kohler [Audio podcast]. Think UDL. https://thinkudl.org/episodes/design-for-
divergence-with-megan-kohler

Nave, L. (Executive Producer). (2019, December 17). Episode 26: From “making
accommodations” to accommodating all students with Paula Cocce [Audio podcast].
Think UDL. https://thinkudl.org/episodes/from-making-accommodations-to-
accommodating-all-students-with-paula-cocce

Olbrecht, A. M., Romano, C., & Teigen, J. (2016). How money helps keep students in college:
The relationship between family finances, meritbased aid, and retention in higher
education. Journal of Student Financial Aid, 26(1), 2.

O’Regan, F. (n.d.). Webinar series: Supporting children with ADHD at school and at home.
ADHD and Neurodiversity Training and Consultancy.
https://www.fintanoregan.com/product/sf3r-supporting-children-with-adhd-at-school-
and-at-home/

Pascarella, E. (1985). College environmental influences on learning and cognitive development:
A critical review and synthesis. In I. J. Smart (Ed.), Higher Education: Handbook of
Theory and Research (pp. 1-61). Agathon.

Pascarella, E. T., & Terenzini, P. T. (2005). How college affects students: A third decade of
research, 2. Jossey-Bass.

Perry, S. N., & Franklin, K. K. (2006). I’'m not the gingerbread man! Exploring the experiences
of college students diagnosed with ADHD. Journal of Postsecondary Education and
Disability, 19(1), 194-1009.

208



Powell, A. (2015). Capacity building for STEM faculty and leaders: Supporting university
students with ADHD in earning STEM degrees. [Doctoral dissertation, School of
Education, University of Southern California, Los Angeles]. Proquest.

Prevatt, F. (2016). Coaching for college students with ADHD. Current Psychiatry Reports,
18(12), 1-7. https://doi.org/10.1007/s11920-016-0751-9

Prevatt, F., & Lee, J. (2009). Challenges in conducting ADHD coaching with college students: A
case study. The ADHD Report, 17, 4-8. https://doi.org/10.1521/adhd.2009.17.4.4

Prevatt, F., Smith, S. M., Diers, S., Marshall, D., Coleman, J., Valler, E., & Miller, N. (2017).
ADHD coaching with college students: Exploring the processes involved in motivation
and goal completion. Journal of College Student Psychotherapy, 31(2), 93-111.
https://doi.org/10.1080/87568225.2016.1240597

Prince, M. (2004). Does active learning work? A review of the research. Journal of Engineering
Education, 93(3), 223-231. https://doi.org/10.1002/j.2168-9830.2004.tb00809.x

Rainey, K., Dancy, M., Mickelson, R., Stearns, E., & Moller, S. (2018). Race and gender
differences in how sense of belonging influences decisions to major in STEM.
International Journal of STEM Education, 5(1), 1-14. https://doi.org/10.1186/s40594-
018-0115-6

Reaser, A., Prevatt, F., Petscher, Y., & Proctor, B. (2007). The learning and study strategies of
college students with ADHD. Psychology in the Schools, 44(6), 627-638.
https://doi.org/10.1002/pits.20252

Reason, R. D., Terenzini, P. T., & Domingo, R. J. (2007). Developing social and personal
competence in the first year of college. Review of Higher Education, 30(3), 271-99.
https://doi.org/10.1353/rhe.2007.0012

Reason, R. D. (2009). An examination of persistence research through the lens of a
comprehensive conceptual framework. Journal of College Student Development, 50(6),
659-682. http://doi.org/10.1353/csd.0.0098

Resnick, R. J. (2005). Attention deficit hyperactivity disorder in teens and adults: They don't all
outgrow it. Journal of Clinical Psychology, 61(5), 529-533.
https://doi.org/10.1002/jclp.20117

Rommelse, N. N. J., Franke, B., Geurts, H. M., Hartman, C. A., & Buitelaar, J. K. (2010). Shared
heritability of attention-deficit/hyperactivity disorder and autism spectrum disorder.
European Child & Adolescent Psychiatry, 19(3), 281-295.
https://doi.org/10.1007/s00787-010-0092-x

209



Rubin, D. B. (1976). Inference and missing data. Biometrika, 63(3), 581-592.
https://doi.org/10.1093/biomet/63.3.581

Santhanam, S. p. (n.d.). Lecture Breakers episode 76: Creating successful learning experiences
for students who identify as neurodiverse. [Audio podcast].
https://barbihoneycutt.com/blogs/podcast/episode-76-creating-successful-learning-
experiences-for-students-who-identify-as-neurodiverse-with-dr-siva-priya-santhanam

Santhanam, S. p. (2019). Supporting learning in students with autism: What do professors need
to know? Faculty Focus. Retrieved October 28, 2022, from
https://www.facultyfocus.com/articles/effective-classroom-management/supporting-
individuals-with-autism/

Saris, W. E., Satorra, A., & Van der Veld, W. M. (2009). Testing structural equation models or
detection of misspecifications? Structural Equation Modeling, 16(4), 561-582.
https://doi.org/10.1080/10705510903203433

Sedgwick, J. A., Merwood, A., & Asherson, P. (2019). The positive aspects of attention deficit
hyperactivity disorder: A qualitative investigation of successful adults with ADHD.
ADHD Attention Deficit and Hyperactivity Disorders, 11(3), 241-253.
https://doi.org/10.1007/s12402-018-0277-6

Sedgwick-Miller, J. A., Miller-Sedgwick, U., Adamou, M. et al. (2022). University students
with attention deficit hyperactivity disorder (ADHD): A consensus statement from the
UK Adult ADHD Network (UKAAN). BMC Psychiatry, 22(292), 1-27.
https://doi.org/10.1186/s12888-022-03898-z

Seymour, E., & Hewitt, N. (1997). Talking about leaving. Westview Press.

Shaw-Zirt, B., Popali-Lehane, L., Chaplin, W., & Bergman, A. (2005). Adjustment, social skills,
and self-esteem in college students with symptoms of ADHD. Journal of Attention
Disorders, 8(3), 109-120. https://doi.org/10.1186/s40594-018-0115-6

Sheehan, W. A., & larocci, G. (2019). Executive functioning predicts academic but not social
adjustment to university. Journal of Attention Disorders, 23(14), 1792-1800.
https://doi.org/10.1177/1087054715612258

Shin, M., & Bolkan, S. (2021). Intellectually stimulating students’ intrinsic motivation: the
mediating influence of student engagement, self-efficacy, and student academic support.
Communication Education, 70(2), 146-164.

Shmulsky, S., Gobbo, K., & Vitt, S. (2021). Culturally relevant pedagogy for neurodiversity.

Community College Journal of Research and Practice, 46(9), 681-685.
https://doi.org/10.1080/10668926.2021.1972362

210


https://www.facultyfocus.com/articles/effective-classroom-management/supporting-individuals-with-autism/
https://www.facultyfocus.com/articles/effective-classroom-management/supporting-individuals-with-autism/

Snyder, T. D., de Brey, C., & Dillow, S. A. (2014). Post-secondary education. Digest of
Education Statistics. https://nces.ed.gov/pubs2016/2016006_3.pdf

Stains, M., Harshman, J., Barker, M. K., Chasteen, S. V., Cole, R., DeChenne-Peters, S. E.,
Eagan, M. K., Esson, J. M., Knight, J. K., Laski, F. A., Levis-Fitzgerald, M., Lee, C. J.,
Lo, S. M., McDonnell, L. M., McKay, T. A., Michelotti, N., Musgrove, A., Palmer, M.
S., Plank, K. M. ... Young, A. M. (2018). Anatomy of STEM teaching in North
American universities, Science, 359(6383), 1468-1470.
https://doi.org/10.1126/science.aap8892

StataCorp. (2021). Stata (Release 17). StataCorp LLC. https://www.stata.com/

StataCorp. (2021a). Stata structural equation modeling reference manual: Release 17. Stata
Press. https://www.stata.com/manuals/sem.pdf

Stevens, A. E., Lefler, E. K., Serrano, J. W., & Hartung, C. M. (2023). Transitioning to college
with ADHD: A qualitative examination of parental support and the renegotiation of the
parent-child relationship. Current Psychology, 1-16. https://doi.org/10.1007/s12144-023-
04525-0

Stewart, S., Lim, D. H., & Kim, J. (2015). Factors influencing college persistence for first-time
students. Journal of Developmental Education, 38(3), 12-20.

Strayhorn, T. L. (2012). College students’ sense of belonging: A key to educational success for
all students. Routledge. https://doi.org/10.4324/9780203118924

Taylor, C. L., Zaghi, A. E., Kaufman, J. C., Reis, S. M., & Renzulli, J. S. (2020). Divergent
thinking and academic performance of students with attention deficit hyperactivity
disorder characteristics in engineering. Journal of Engineering Education, 109(2), 213-
229. https://doi.org/10.1002/jee.20310.

Terenzini, P. T., & Reason, R. D. (2005). Parsing the first year of college: A conceptual
framework for studying college impact. Proceedings of the Annual Meeting of the
Association for the Study of Higher Education. ASEE.

the ADHD Academic. (2022). Some hopefully helpful content for folks with ADHD or folks
teaching those with ADHD. Retrieved on October 28, 2022, from
https://theadhdacademic.weebly.com/teaching-adhd-folks

The Learning Center. (n.d.) Studying 101: Study smarter not harder. University of North
Carolina, Chapel Hill. https://learningcenter.unc.edu/tips-and-tools/studying-101-study-
smarter-not-harder/

Theobald, E. J., Hill, M. J.,, Tran, E., Agrawal, S., Arroyo, E. N., Behling, S., Chambwe, N.,
Cintrén, D. L., Cooper, J. D., Dunster, G., Grummer, J. A., Hennessey, K., Hsiao, J.,
Iranon, N., Jones, L., Jordt, H., Keller, M., Lacey, M. E., Littlefield, C. E., & Freeman, S.

211


file:///C:/Users/lcarr/Dropbox%20(University%20of%20Michigan)/Thesis/Formatted%20thesis/
file:///C:/Users/lcarr/Dropbox%20(University%20of%20Michigan)/Thesis/Formatted%20thesis/

(2020). Active learning narrows achievement gaps for underrepresented students in
undergraduate science, technology, engineering, and math. Proceedings of the National
Academy of Sciences of the United States of America, 117(12), 6476-6483.
https://doi.org/10.1073/pnas.1916903117

Thompson, A. C., & Lefler, E. K. (2016). ADHD stigma among college students. Attention
Deficit and Hyperactivity Disorders, 8(1), 45-52. https://doi.org/10.1007/s12402-015-
0179-9.

Tinto, V. (1993). Leaving college: Rethinking the causes and cures of student attrition.
University of Chicago Press.

Torrance, E. P. (2008). The Torrance tests of creative thinking norms-technical manual figural
(streamlined) forms a and B. Bensenville, IL: Scholastic Testing Service.

Touré-Tillery, M., & Fishbach, A. (2014). How to measure motivation: A guide for the
experimental social psychologist. Social and Personality Psychology Compass, 8(7), 328-
341. https://doi.org/10.1111/spc3.12110

Understood. (n.d.). The difference between IEPs and 504 plans.
https://www.understood.org/en/articles/the-difference-between-ieps-and-504-plans

University College. (n.d.). Success by design. Arizona State University.
https://universitycollege.asu.edu/academic-success/success-courses

University of Colorado. (n.d.). Academic coaching.
https://www.colorado.edu/exploratorystudies/advising-coaching/academic-coaching

UCLA Statistical Methods and Data Analytics. (n.d.) How can | do mediation analysis with the
SEM command? UCLA: Statistical Consulting Group. Retrieved from
https://stats.oarc.ucla.edu/stata/fag/how-can-i-do-mediation-analysis-with-the-sem-
command/

UCLA: Statistical Consulting Group. (n.d.). Multiple imputation in Stata.
https://stats.oarc.ucla.edu/stata/seminars/mi_in_stata_ptl new/

University of California Office of the President. (2020). Supporting students with disabilities at
the University of California.
https://regents.universityofcalifornia.edu/regmeet/nov20/a4.pdf

Vance, T. A., & Weyandt, L. (2008). Professor perceptions of college students with attention

deficit hyperactivity disorder. Journal of American College Health, 57(3), 303-308.
https://doi.org/10.3200/JACH.57.3.303-308.

212



Vekaria, P. C., & Peverly, S. T. (2018). Lecture note-taking in postsecondary students with
attention-deficit/hyperactivity disorder. Reading and Writing: An Interdisciplinary
Journal, 31, 1551-1573. https://doi.org/10.1007/s11145-018-9849-2

Viskupic, K., Ryker, K., Teasdale, R., Manduca, C., Iverson, E., Farthing, D., Bruckner, M. Z.,
& McFadden, R. (2019). Classroom observations indicate the positive impacts of
discipline-based professional development. Journal for STEM Education Research, 2,
201-228. https://doi .0org/10.1007/s41979-019-00015-w

von Hippel, P. T. (2018). How many imputations do you need? A two-stage calculation using a
quadratic rule. Sociological Methods & Research, 49(3), 699-718.
https://doi.org/10.1177/0049124117747303

Wasserstein, J. (2005). Diagnostic issues for adolescents and adults with ADHD. Journal of
Clinical Psychology, 61(5), 535-547. https://doi.org/10.1002/jclp.20118

Watkins, M. W. (2022). A step-by-step guide to exploratory factor analysis with Stata.
Routledge.

Weinstein, C. E., & Palmer, D. R. (2002). Learning and study strategies inventory-second
edition: User’s manual. H&H Publishing Company, Inc.

Welby, K. (2022). Teaching neurodiverse students. Inside Higher Ed. Retrieved October 28,
2022, from https://www.insidehighered.com/advice/2022/06/15/advice-teaching-
neurodiverse-students-opinion

Weyandt, L. L., & DuPaul, G. J. (2013). College students with ADHD: Current issues and future
directions. Springer-Verlag. https://doi.org/10.1007/978-1-4614-5345-1

White, H. A., & Shah, P. (2011). Creative style and achievement in adults with attention-
deficit/hyperactivity disorder. Personality and Individual Differences, 50(5), 673-677.
doi: 10.1016/j.paid.2010.12.015

White, H. A., & Shah, P. (2016). Scope of semantic activation and innovative thinking in college
students with ADHD. Creativity Research Journal, 28(3), 275-282.
https://doi.org/10.1080/10400419.2016.1195655

White, I. R., Royston, P., & Wood, A. M. (2011). Multiple imputation using chained equations:
Issues and guidance for practice. Statistics in Medicine, 30, 377-399.
https://doi.org/10.1002/sim.4067

Whittaker, T. A. (2012). Using the modification index and standardized expected parameter

change for model modification. The Journal of Experimental Education, 80(1), 26-44.
https://doi.org/10.1080/00220973.2010.531299

213



Willis, C., Hoben, S., & Myette, P. (1995). Devising a supportive climate based on clinical
vignettes of college students with attention deficit disorder. Journal on Postsecondary
Education and Disability, 11(2-3), 31-43.

Wilson, J. H., & Ryan, R. G. (2013). Professor-student rapport scale: Six items predict student
outcomes. Teaching of Psychology, 40, 130-133.
https://doi.org/10.1080/03634523.2016.1208259

Wilmshurst, L., Peele, M., & Wilmshurst, L. (2011). Resilience and well-being in college
students with and without a diagnosis of ADHD. Journal of Attention Disorders, 15(1),
11-17. https://doi.org/10.1177/1087054709347261

Winstone, N., Balloo, K., Gravett, K., Jacobs, D., & Keen, H. (2022). Who stands to benefit?
Wellbeing, belonging and challenges to equity in engagement in extra-curricular
activities at university. Active Learning in Higher Education, 23(2), 81-96.
https://doi.org/10.1177/1469787420908209

Wu, C. Huang, S., Chen, P., & Chen, H. (2020). A systematic review of creativity-related studies
applying the Remote Associates Test from 2000 to 2019. Frontiers in Psychology, 11,
573432. https://doi.org/10.3389/fpsyg.2020.573432

Yaure, R. G., Murowchick, E., Schwab, J. E., & Jacobson-McConnell, L. (2020). How grit and
resilience predict successful academic performance. Journal of Access, Retention, and
Inclusion in Higher Education, 3(1). Digital Commons @ West Chester University.

York, T. T., Gibson, C., & Rankin, S. (2015). Defining and measuring academic success.
Practical Assessment, Research, and Evaluation, 20(5), 1-20.

214



