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Abstract: This work examines the indicators of master’s students’ persistence from 2014 to
2021 at a Hispanic-Serving Institution (HSI) in the southern United States. Demographic
and academic variables were used in a logistic regression model to predict students’ success-
ful completion across sixteen master’s programs. In this two-fold study, first, we examined
the impact of COVID-19 on students enrolled in twelve face-to-face (F2F) programs and
evaluated their performance against a pre-pandemic baseline period. Second, we compared
student performance in four accelerated online programs against a pre-accelerated baseline.
Most demographic variables were insignificant, while all academic variables were signifi-
cant across program types. However, GPA became an insignificant variable when the F2F
programs were forced to move online during the COVID-19 pandemic. During this period,
GPA also increased for students who had discontinued their studies. The accelerated online
programs recorded a significant decrease in terms enrolled (Term Count) compared to the
pre-accelerated baseline. These results add to the limited literature on student success at
the master’s level in HSIs, thus filling a vital knowledge gap. This study provides two case
studies focusing on how the pandemic and the accelerated online learning model impacted
academic persistence at the master’s level at an HSI.

Keywords: COVID-19 pandemic; accelerated online programs; graduate student success;
logistic regression; GPA inflation

1. Introduction
Extensive research has focused on undergraduate academic student success, e.g.,

studies [1–4]. In contrast, the literature focusing on master’s students’ success is more
limited [5,6]. The metrics of student success that are applied to undergraduate degree
programs such as first-year retention and six-year graduation rates are difficult to apply
to master’s programs. For master’s students, there is no standardized format for offi-
cial reporting [7]. This is not the case for undergraduate students, where retention and
graduation rates are uniformly reported to the Integrated Postsecondary Education Data
System (IPEDS) organized by the US National Center for Educational Statistics. Since
master’s students can more often take pauses in their studies, the application of the 150% of
normal time metric for degree length (i.e., the 6-year graduation rate) to graduate programs
is problematic [5], and outcomes need to be calibrated against the propensity for adult
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learners to take more breaks in their studies due to family and career obligations. Another
complication is that master’s programs vary in length, with diverse modalities spanning
from face-to-face (F2F) to hybrid, online, and accelerated online programs. Undergrad-
uate retention and graduation rates were developed to track the progress of traditional
university students who took classes in an F2F setting [8]. Another issue lies in the fall
cohort model used for tracking undergraduate students. This model is untenable for use
in graduate students, who can enter programs year-round. Haydarov et al. [5] argues
that these types of systemic issues result in the under-reporting of successful outcomes for
master’s level programs and suggests that alternative student success indicators, such as
time to degree, time to dropout, course completion ratio, and average number of semesters
taken are more relevant success measures for graduate students.

The purpose of this paper is to better understand master’s students’ persistence at a
Hispanic-Serving Institution (HSI), which is a regional university in the southern United
States. The US Department of Education defines an HSI as having a minimum 25% Latinx
student population. This study’s definition of a Hispanic person conforms to the ethnicity
designation utilized by IPEDS, which is a person of Cuban, Mexican, Puerto Rican, South
or Central American, or other Spanish culture or origin, regardless of race. In fall 2023,
the subject HSI had an enrollment of 8489 students, who were 61.9% female, 38.1% male,
and 89.0% Hispanic. The service area of the subject HSI has a low per capita income. For
example, the county where the subject HSI is located has a per capita income that is 68% of
the statewide average [9].

The master’s student population at the subject HSI was 17.6% in fall 2023. At the sub-
ject HSI, master’s programs are vital in that they help build capacity by closing educational
disparities and bolstering economic growth within the communities that they serve. In
particular, accelerated online programs serve a vital niche in that they can quickly equip
students with skills needed in the workforce, ensuring that students graduate with the
skills that employers demand in the targeted geography. In this context, master’s programs
grant credentials that are of value to regional employers and provide a significant financial
return for students who complete these programs [10].

Master’s students face unique challenges in that they must balance family and full-time
work obligations, may be financially strained, and are less supported by first-generation stu-
dent services programs that are geared more toward undergraduates [11]. These students,
especially older adult learners who have been out of school for a while, might struggle with
the need for self-directed learning and the accelerated pace of online programs. Under-
standing the factors that impact master’s students’ persistence is crucial in better serving
this important and rapidly growing demographic.

Persistence in this study was examined in the context of four master’s program types
between fall 2014 and 2021. During the fall 2018 semester, four programs (Business Admin-
istration, Criminal Justice, Curriculum and Instruction, and Educational Administration)
at the subject HSI transitioned to an accelerated online modality. Research question 1
focused on four academic variables (GPA, Term Count, Course Drop Rate, and Course
Load) before and after this transition. The accelerated online model should manifestly
reduce Term Count. The impact of this transition on the other three values is unclear and
will be explored in depth in this work. Of the four accelerated online programs, only
Business Administration experienced a decline in GPA when transitioning to an accelerated
online format. Possible explanations for this decline will be explored. Research question 2
examines how COVID-19 impacted academic variables during the 2020 to 2021 pandemic
period for twelve F2F programs forced to move online by the pandemic. Given the disrup-
tions of the pandemic, we speculated that time to degree or Term Count may have been
extended, with adverse impacts on GPA and Course Drop Rate.
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This research identifies the significant variables controlling student persistence for
all four program types. Further, the examination of discontinued and graduate student
populations within these programs adds additional nuance to these findings. Overarchingly,
this study provides insights into the impacts of COVID-19 and the accelerated online model
of program delivery at the master’s level, filling a vital gap in the literature.

2. Literature Review
The prevailing theory for why students drop out from their studies is well discussed

in the literature. Tinto’s [12–15] groundbreaking studies developed the initial theoretical
framework to explain why students persist in college. Tinto advocated for the importance
of academic and social integration during the first year of study, and he suggested that
students not having a good fit with college culture was the main reason why students
abandoned their studies. It should be noted that Tinto’s theory was based on traditional
undergraduate programs with studies undertaken in an F2F modality. An offshoot of
Tinto’s work [16] focused on nontraditional, commuter undergraduate students enrolled in
on-campus education. This population better matches the twelve F2F master’s programs
examined in this study. Bean and Metzner’s model de-emphasized the importance of social
integration. External environmental and student characteristics were of greater importance
in this population in terms of providing a predictor of student success. The environmental
factors examined included finances, hours of employment per week, family/work support,
family responsibilities, and outside encouragement, which are highly relevant for graduate
students. Rovai [17] focused on distance education and developed a composite persistence
model that incorporated the theories of Tinto [12–15] and Bean and Metzner [16] while
considering the skills needed for online students to succeed with the special considerations
imposed by the distance learning setting. This framework also incorporated the necessity
to harmonize student learning with effective teaching styles. While these models were
not developed for graduate students, there are studies that have adapted them for this
population. For example, Coleman [18] extended the above theories to predict dropout
risk for students enrolled in graduate online programs based on survival analysis. All
of these theoretical frameworks stress the importance of academic programs and GPA
as key factors that control whether or not a student persists. Rotem et al. [6] found that
only academic performance and not background demographic variables were useful in
predicting dropouts at the master’s level. These results are in line with prior studies that
have stressed post-enrollment academic performance (e.g., first-year GPA, overall GPA,
and course failure) as a strong predictor of persistence [4,19,20].

3. Graduate Program Characteristics
A total of twelve F2F master’s programs were examined: Accounting; Biology; Com-

munication; Counseling Psychology; English; History and Political Thought; Language,
Literature and Translation; Mathematics; Nurse Practitioner; Psychology; School Counsel-
ing; and Sociology. At the end of March 2020, all F2F classes at the subject HSI were forced
to move online. During the fall 2020 and spring 2021 semesters, the classes were taught in a
flexible mode, where students could opt to attend in person or online. Most students (>95%)
choose to attend classes online. For this reason, during the period between spring 2020 and
summer 2021, instruction occurred, for the most part, online. In the fall 2021 semester, the
subject HSI offered F2F classes with social distancing restrictions, although some instructors
allowed graduate students to continue their studies in an online environment to some
extent during this semester. All social distance restrictions were lifted in the spring 2022
semester, when normal instruction resumed. The baseline period for F2F programs was fall
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2014 to 2019. The pandemic period examined, spring 2020 to fall 2021, was defined as the
COVID-19 forced online period.

Master’s programs in Business Administration, Criminal Justice, Curriculum and In-
struction, and Educational Administration at the subject HSI transitioned to an accelerated,
online (7-week) cohort model during the fall 2018 semester. Under the new model, the
expected time for completion was 12 to 18 months, unlike the 2+ years during the baseline,
pre-accelerated period where these programs were taught in a mix of modalities. Thus, the
accelerated online period spanned fall 2018 to 2021. The pre-accelerated period was about
equal in length, fall 2014 to summer 2018, forming a baseline for comparison. During the
pandemic, online education at the subject HSI continued without interruption, not affecting
course delivery within these programs, unlike with the F2F programs. However, to isolate
the potential impacts of the pandemic on the accelerated online programs, this program
type was divided into pre-COVID-19 (fall 2018 to fall 2019) and COVID-19 (spring 2020 to
fall 2021) periods of analysis.

4. Methods
4.1. Student Data

Student data were derived from the HSI’s student information system (Banner) and
included only students who started a graduate program at any point between the fall
2014 semester and the fall 2021 semester. A cipher key was used to anonymize these
data. Students were divided into four datasets based on program type, as defined in the
prior section. The data were gathered when the student’s enrollment ended; therefore,
only students who completed and graduated from their program or failed to re-enroll
during the observed period were considered for model training and evaluation. For
simplicity, students with missing variables were omitted. Another complication was that
some students were coded in the pre-accelerated programs beyond the fall 2018 semester.
These students were not considered in our analysis. A total of 2324 students were included
in the logistic regression models, 84.8% of the enrolled students during the study period.
Table 1 presents enrollment and demographic data for the four program types.

Table 1. Headcount and demographics by program type.

Program Type Total Student
Headcount

Students Used
in Models % Hispanic % Female % from

HSI City

Pre-Accelerated 545 486 78.2% 53.3% 68.3%
Accelerated Online 1184 1024 64.6% 67.9% 34.6%
Baseline Face-to-Face (F2F) 676 502 91.8% 69.3% 84.3%
COVID-19 Forced Online 335 312 94.9% 66% 79.8%

4.2. Variable Definitions and Support from the Literature

The seven variables selected were chosen based on their level of support in the litera-
ture. In addition, each program was considered a variable during exploratory analysis with
logistic regression (described in Section 4.3). Three self-reported demographic variables
included ethnicity, sex, and the age of the students at the time of first enrollment. Ethnicity
was defined based on the IPEDS first designated ethnicity of Hispanic or Latino versus
Not Hispanic or Latino. The one-hot encoding method was used to set a baseline, i.e., the
value equal to 0, for each categorical variable. The baseline values for the ethnicity, sex,
F2F, and COVID-19 forced online programs and pre-accelerated and accelerated online
programs were set as Non-Hispanic, Male, Mathematics program, and Criminal Justice
program, respectively.
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The above demographic variables have been linked to graduate student success in the
literature. Ethnicity was a predictor used in a study on graduate education by [21]. Sheridan
and Pyke [22] examined gender, registration status (full-time or part-time), citizenship, and
discipline area. Malone et al. [23] conducted a study on graduate student success, although
at the doctoral level, that investigated student age at the start of their program and final
graduate grade point average (GPA) as predictors of persistence.

The four academic variables included (1) the average overall student GPA; (2) the
Course Load or average number of semester credit hours (SCHs) attempted in a semester,
which reflects whether a student is part-time or full-time; (3) the Term Count or number
of terms that the student enrolled in classes until the last record, reflecting the time spent
within a program; and (4) the average student’s Course Drop Rate between the first and last
term. Support for these variables exists in the literature. Many studies have examined the
importance of GPA as a predictor of persistence [4,6,23–28]. Maslov Kruzicevic et al. [28]
and Mendoza-Sanchez et al. [29] identified both GPA and study duration (Term Count) as
significant factors in medical and biochemistry Ph.D. programs, respectively. Sheridan and
Pyke [22] examined registration status (full-time or part-time), which is accounted for by
the Course Load variable in this study. Several studies also point to the importance of GPA,
course failure, and drop rate in student dropout prediction, e.g., [4,19,20].

Undergraduate metrics such as graduation rates have also been used to quantify
graduate persistence (Mayer et al. [3]). However, Haydarov et al. [5] suggested that
alternative indicators of student success should be used for graduate programs. These
include time to degree (Term Count for graduated students), time to dropout, course
completion ratio (Course Drop Rate), average number of semesters (Course Load), and
other relevant measures of graduate student success.

4.3. Logistic Regression

Using the seven defined variables and academic program, a logistic regression classi-
fier was trained for each program type (F2F, COVID-19 forced online, pre-accelerated, and
accelerated online) to place students into a binary Graduated/Discontinued (0/1) outcome
category. Students who graduated from their program during the study period were labeled
as graduated, while students who stopped enrolling during the study period were labeled
as discontinued. The logistic regression modeling was carried out in Python 3.9.20 using the
Scikit-Learn package. Many researchers have used logistic regression to provide predictors
of persistence at the undergraduate and graduate level, e.g., [4,6,24,29–31]. The models de-
termined how each variable impacted the binary outcome. Pertinent to Research Questions
1 and 2, the logistic regression model tested whether there was a relationship between the
chosen academic variables and the binary outcome of graduation vs. the discontinuation
of a graduate student’s studies for the four student populations, allowing us to identify the
variables that were relevant to graduate student success at the subject HSI.

Variable significance was determined by the Wald test, using p = 0.01 to 0.05 as
significant and p < 0.01 as highly significant. The model’s accuracy, defined below, measured
each model’s performance:

Accuracy =
Correctly Categorized Students

Total Students in the Set
(1)

To monitor the multicollinearity, the variance inflation factor (VIF) of the selected
regression variables was compared. Following common practice [32], variables with a VIF
higher than 5 were considered multicollinear. Furthermore, observations were assumed
to be independent, as each observation corresponded to an individual student with no
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repeated records for any students. Furthermore, there was no overlap in records between
the different student groups. Each dataset was pairwise disjoint with the rest.

4.4. Statistical Analysis

Descriptive statistics described how logistic regression variables changed between peri-
ods. Two-tailed t-tests, assuming unequal variance, were used to evaluate the change signif-
icance in variable values between F2F versus COVID-19 forced online and pre-accelerated
versus accelerated online. The two-tailed t-test significance threshold was set at p = 0.05,
with p < 0.01 being highly significant. When performing multiple tests on the same pairs
of data, multiple hypothesis testing was resolved using the Bonferroni correction [33].
The Bonferroni method was chosen due to its conservative estimation. Additionally, The
Cohen’s d statistic was used to measure effect size for the changes in the predictive vari-
ables [34,35]. All student sets were disaggregated by student outcomes (graduated and
discontinued). In addition, the accelerated online business administration program was
disaggregated between students with an undergraduate degree in business versus those
who lacked this degree.

This methodology allowed us to test the hypothesis that a significant change in the
academic variables that predict graduate student success was brought on by the respective
changes in modality that these programs experienced against the null hypothesis that these
changes in modality had no effect on the relevant academic variables.

5. Results
Enrollment for the accelerated programs doubled compared with the pre-accelerated

period (Table 1). The recruiting efforts of an external consulting firm resulted in an influx
of students from outside the HSI service area. This impacted student demographics by
reducing the percentage of Hispanic students and increasing the percentage of female
students in the accelerated online programs compared with the pre-accelerated baseline
(Table 1). For the twelve F2F programs, the demographics did not experience a shift
between periods, with Hispanic students being over 90% and female students around
70%. The dominant group in this study was Hispanic females, and the small size of
other intersectional groups limited the ability to analyze and compare other groups (e.g.,
non-Hispanic, male).

All logistic regression models exhibited a robust ability to predict student outcomes
with an accuracy of 92.95% or above. The student’s major was not a significant variable
for F2F and COVID-19 forced online programs. For the pre-accelerated program type,
Business and Educational Administration were significant, and for accelerated online,
only Educational Administration was significant. For the pre-accelerated and accelerated
online programs, all four academic variables (GPA, Course Load, Term Count, and Course
Drop Rate) were significant to highly significant in predicting student persistence (Table 2).
Ethnicity was also a highly significant variable for pre-accelerated but insignificant for
other program types. For the F2F programs, all academic variables were also significant
to highly significant (Table 2). However, when these programs shifted online during the
pandemic, only Term Count and Course Drop Rate remained significant. GPA and Course
Load became insignificant.

No multicollinearity was observed among the predictive variables (Table 3). GPA and
Course Drop Rate showed the highest correlation values (between −0.5201 for the COVID-19
forced online set and −0.8079 for the accelerated online set). However, no predictor showed a
VIF of 5 or higher in any of the four logistic regression models, supporting the reliability of
the logistic regression results in assessing the significance of the predictive variables.
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Table 2. Logistic regression odds ratios (standard errors) for the four program types.

Variable Pre-Accelerated Accelerated Online F2F COVID-19 Forced
Online

Accuracy 93.0% 95.61% 94.42% 92.95%
Age 0.8357 (0.7351) 1.3014 (0.526) 2.3467 (0.7064) 1.3987 (0.7228)
Ethnicity 0.4264 (0.3229) ** 1.1158 (0.2156) 1.4382 (0.4599) 0.7054 (0.7234)
Sex 1.3429 (0.2675) 1.1831 (0.2206) 0.8892 (0.2816) 1.0943 (0.3113)
Term Count 0.0018 (0.7642) ** 0.0003 (0.6189) ** 0.0019 (0.6278) ** 0.0037 (0.7402) **
Course Load 0.1252 (0.6669) ** 0.0198 (0.4642) ** 0.0442 (0.7017) ** 0.1261 (1.4834)
Course Drop Rate 29.4326 (1.0199) ** 90.3667 (0.7843) ** 16.587 (1.2538) * 31.7229 (0.8556) **
GPA 0.0753 (1.0186) * 0.0239 (0.8057) ** 0.0602 (0.9236) ** 0.371 (1.1454)

**: Variable is highly significant with p < 0.01. *: Variable is significant with p = 0.010 to 0.050.

Table 3. Variance Inflation Factor (VIF) of logistic regression predictors for the four program types.

Variable Pre-Accelerated Accelerated
Online F2F COVID-19

Forced Online

Age 1.063 1.064 1.075 1.167
Ethnicity 1.046 1.073 1.06 1.044
Sex 1.079 1.034 1.044 1.022
Term Count 1.221 1.265 1.218 1.075
Course Load 1.037 1.067 1.056 1.109
Course Drop Rate 2.639 2.946 2.134 1.432
GPA 2.677 3.010 2.259 1.417

Table 4 compares the F2F and COVID-19 forced online program types. These eight
t-tests were adjusted for using the Bonferroni correction. For discontinued students from
these programs, only GPA is highly statistically significantly different with a Cohen’s d near
the 0.4 threshold. Term Count also increased at a significant level. For graduated students,
Term Count increased and was highly significant with a Cohen’s d greater than 0.4, indicat-
ing a significant impact. Table 5 focuses on how the averages for variables differ between
student populations for the pre-accelerated and accelerated online programs. Again, these
eight tests were corrected for using the Bonferroni correction. For discontinued students,
there was no significant difference between the pre-accelerated and accelerated online
programs. Comparing graduated students between the pre-accelerated and accelerated
online programs yielded some significant differences in variable values. Term Count is
significantly lower, and both Term Count and Course Load have a Cohen’s d greater than
0.4, indicating that the transition in program type had a sizable impact on these variables.

Table 4. Comparison of variable averages based on the student populations in the F2F and COVID-19
forced online program types.

n GPA Term Count Course Load Course Drop Rate

F2F (Discontinued) 224 2.87 2.30 5.45 17.2%
COVID-19 Forced Online (Discontinued) 109 3.30 3.05 5.19 24.5%
Adjusted p-Value 0.003 ** 0.014 * 0.247 0.077
Cohen’s d 0.3842 0.3518 −0.1453 0.2486
F2F (Graduated) 278 3.73 6.32 6.61 0.9%
COVID-19 Forced Online (Graduated) 203 3.73 7.07 6.29 2.1%
Adjusted p-Value 0.990 <0.001 ** 0.1462 0.160
Cohen’s d 0.0012 0.4285 −0.1608 0.1597

**: Variable is highly significant with p < 0.01. *: Variable is significant with p = 0.01 to 0.05.
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Table 5. Comparison of variable averages based on the student populations in the pre-accelerated
and accelerated online program types.

n GPA Term Count Course Load Course Drop Rate

Pre-Accelerated (Discontinued) 215 2.71 2.00 5.44 26.3%
Accelerated Online (Discontinued) 451 2.56 1.97 5.71 32.2%
Adjusted p-Value 0.261 0.794 0.191 0.155
Cohen’s d −0.1041 −0.023 0.1189 0.1637
Pre-Accelerated (Graduated) 271 3.75 5.04 6.16 0.9%
Accelerated Online (Graduated) 573 3.78 4.37 7.37 1.1%
Adjusted p-Value 0.2094 <0.001 ** 0.1914 0.7662
Cohen’s d 0.1099 −0.4733 0.5398 0.0298

**: Variable is highly significant with p < 0.01.

Table 6 focuses on the accelerated online program type only, comparing the pre-
COVID-19 and COVID-19 periods. For this comparison, the values were adjusted using the
Bonferroni correction (n = 8). Neither GPA nor Course Drop Rate was significantly different
between the pre-COVID-19 and COVID-19 periods for either student population. Term
Count was significantly increased, and Course Load decreased during the COVID-19 period
for the accelerated online program type for both discontinued and graduated students.
Table 7 explores the Business Administration program focusing on the accelerated online
business students, which was the only program of this type that experienced a decline in
GPA during the accelerated online period. These tests were adjusted using the Bonferroni
correction (n = 4) as this comparison was unrelated to the tests in Table 5. There were no
students from the pre-accelerated period considered in these tests. Students who had an
undergraduate business major had a highly significantly increased GPA and a significantly
lower Course Drop Rate compared with their peers who lacked an undergraduate business
degree. Given the lower numbers of students in this individual program, the results were
not disaggregated based on discontinued or graduated populations.

Table 6. Comparison of variable averages based on the student populations in the accelerated online
program, divided based on the pre-COVID-19 and COVID-19 periods.

n GPA Term Count Course Load Course Drop Rate

Pre-COVID-19 (Discontinued) 96 2.21 1.35 6.59 37.5%
COVID-19 (Discontinued) 355 2.65 2.13 5.47 30.7%
Adjusted p-Value 0.111 <0.001 ** 0.010 * 1.000
Cohen’s d 0.2923 0.6785 −0.4583 −0.1819
Pre-COVID-19 (Discontinued) 50 3.81 3.18 9.43 0.2%
COVID-19 (Discontinued) 523 3.78 4.48 7.17 1.1%
Adjusted p-Value 1.000 <0.001 ** <0.001 ** 0.086
Cohen’s d −0.0933 1.0355 −0.9645 0.1690

**: Variable is highly significant with p < 0.01. *: Variable is significant with p = 0.01 to 0.05.

Table 7. Two-tailed t-tests of academic variables within the Business Administration program.

Variable Non-Business Undergraduate Major
(n = 253)

Business Undergraduate Major
(n = 125) Adjusted p-Value

GPA 2.98 3.38 0.006 **
Term Count 3.64 3.55 0.655
Course Load 5.78 6.25 0.053

Course Drop Rate 16.9% 9.8% 0.038 *
**: Difference between each variable between periods and student undergraduate major is highly significant with
p < 0.01. *: Variable is significant with p = 0.01 to 0.05.
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6. Discussion
HSIs play a critical role in advancing equity and educational outcomes for Hispanic and

other underserved students through efforts such as increasing accessibility, fostering cultur-
ally compatible mentorship, improving student experiences, and adopting diverse program
modalities [36]. As HSIs increasingly adopt diverse program modalities, it is important that
we understand how these changes impact student outcomes. In our study, for three of the
four types of program, all demographic variables were non-significant (Table 2). Only for the
pre-accelerated programs was ethnicity highly significant (p = 0.001, Table 2). However, a
model for the pre-accelerated program run without demographic variables yielded a similar
significance for the four academic variables than observed in the model that included the de-
mographic information (Table 2). These results alleviate concerns that algorithmic bias [37–39]
might have skewed this study. The subsequent discussion focuses on how the academic
variables were impacted by the transition between F2F and COVID-19 forced online and
pre-accelerated and accelerated online master’s programs.

6.1. Impact on Students in F2F Program Forced to Move Online by COVID-19

The pandemic negatively impacted student learning experiences, as documented by [40,41].
During this period, Bryant [42], in a study of doctoral students, students of color were dispro-
portionately impacted by COVID-19. This population took fewer courses due to financial and
other issues, resulting in a lengthened time to degree completion. Klebs et al. [43], one year into
the pandemic, conducted a survey that revealed an eleven percent increase (47% vs. 36%) in
Latinx college students who required an extra academic year to complete their studies. For the
F2F programs forced online by COVID-19, the Term Count was significantly increased for both
student populations (Table 4) with a Cohen’s d near or above the impact threshold of 0.4. These
results underscore the impacts that the pandemic had on delaying traditional master’s students’
progress in their field of study at the subject HSI.

The literature suggests that there was significant grade inflation during the pandemic.
Karadag [44] speculated that grade inflation was the result of instructors who were thrust
into teaching online. In this setting, grading criteria were positively skewed to compensate
for the impacts associated with a sudden shift in modality. Al-Maqbali and Hussain [45]
discuss the challenges associated with online assessment that could contribute to grade
inflation. Some issues include academic dishonesty and impersonation due to the difficulty
in tracking students in an online setting, increased plagiarism, and blatant cheating that
went unrecognized by instructors new to online platforms. Issues with academic dishonesty
in remote learning environments were also highlighted by [46,47]. Another contributing
factor to consider is the resilience that students exhibited during the pandemic by using
active coping strategies [48]. For the F2F programs, the GPA for discontinued students
increased during the COVID-19 period by 0.43 (Table 4) with a Cohen’s d near the 0.4 impact
threshold. Interestingly, GPA for graduated students showed no change during the baseline
and pandemic periods. This observation supports the premise that while discontinued
students benefited from pandemic grade inflation, this effect did not translate into an
improved academic outcome as this population did not graduate.

6.2. Impact of the Transition to the Accelerated Online Format

The accelerated online model has been adopted by many universities as it provides
adult learners graduate-level education courses in a compressed time frame [49]. At the
subject HSI, courses are 100% online and 7 weeks in duration. Programs that utilize this
model are typically orientated toward professional studies and include business adminis-
tration, education [50–52], and nursing [53]. Not surprisingly, all four accelerated online
programs had a significantly lower Term Count (Cohen’s d = 0.5) for graduated students
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compared with the baseline (Table 5). Interestingly, the accelerated online programs also
had an increase in Course Load or SCH attempted (Cohen’s d = 0.5) for graduated students,
although this increase was not statistically significant. The accelerated online programs
have a prescribed sequence of required courses, unlike during the pre-accelerated period,
and students are advised not to deviate from this sequence, explaining the increased
Course Load. This finding reflects the commitment of the subject HSI to removing barriers,
increasing the accessibility of courses, and promoting timely program completion.

A common critique of the accelerated academic model is that these programs sacrifice
academic quality and are inferior to traditional, in-person programs. The results of this
study do not bear out this concern. GPA is lower for discontinued students and actually
higher for graduated students (Table 5). For both student populations, the Course Drop
Rate is higher. But the magnitude of this difference is marginal and insignificant (Cohen’s
d values < 0.2), indicating that the transition to the accelerated online format did not
adversely impact GPA and Course Drop Rates.

The impact of COVID-19 on the accelerated online program type was not statistically
significant for GPA or Course Drop Rate for any student population (Table 6). Interestingly,
trends for Term Count and Course Load mirrored those seen in the COVID-19 forced online
programs for both discontinued and graduated students. However, given the relatively
low sample size of these comparison groups, caution should be exercised regarding the
drawing of any broad conclusions from these findings.

6.3. Decreased GPA for Accelerated Online Business Administration Program Students

Braunstein [54] found that MBA students without an undergraduate business degree
performed better than those who had this degree. Gump [55] asserts that students lacking
an undergraduate business degree work harder than their peers who have an undergradu-
ate business degree, to compensate for their lack of discipline and knowledge. In addition,
students lacking an undergraduate business degree are required to take leveling courses
and have learned content knowledge more recently than their peers who obtained an
undergraduate business degree at an earlier time. However, students in the Business Ad-
ministration program at the subject HSI who lacked an undergraduate degree in business
had a GPA of 0.40 lower than their peers who had this degree. This difference in GPA
was highly significant (Table 7; adjusted p = 0.006). These students also had a statistically
significant higher Course Drop Rate (Table 7; adjusted p = 0.038). Recruitment from an
external consulting firm produced an influx of students who lacked an undergraduate de-
gree in business during the accelerated online period. These results contradict Braunstein’s
study, which did not specify the modality of instruction but, given the study period (late
1990s to early 2000s), was likely F2F. The accelerated online modality diverges greatly from
traditional graduate programs, perhaps accounting for these conflicting findings.

6.4. Study Limitations and Future Research Directions

This study should not be considered an endorsement or refutation of the accelerated
online model since it was based on only four master’s programs at one HSI. A major
limitation of this work was that only three years were examined for the targeted graduate
programs that were transformed by the accelerated online model. With additional years
of data, a greater validation of these results would be possible. In terms of the impact of
COVID-19 on F2F programs, the shift in modality examined was short in duration (spring
2020 to fall 2021). Future research should expand the scope and include other master’s
programs, extended time windows, and additional HSIs. For instance, Núñez et al. [56]
identified six different types of HSI based on institution type, public/private, enrollment,
and geographic location.
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Another limitation of this work is its focus on a strict academic definition of student
success or persistence. Other dimensions of student success have been advocated for
in the literature [57] to examine the success of people of color more holistically. These
other measures include student attitudes, intention to remain in a STEM field, number of
publications, self-efficacy, identity formation, and sense of belonging. Additionally, this
study was conducted at a regional HSI university, and the current findings may not extend
to non-HSI institutions or other institutions with different characteristics and programs.

It should be noted that a single logistic regression model was fitted to each student
group, and thus the observed differences in statistical significance for the predictor vari-
ables may not be replicated in models fitted on new data. This study should be viewed
as a baseline that can serve as support for follow-up research that more fully explores
the multiple dimensions of student success, as indicated above. Future research should
examine frameworks that integrate student experiences at HSIs to better understand how
cultural, social, and institutional factors influence student educational outcomes across
different program modalities and important student characteristics such as gender and
socioeconomic status.

6.5. Policy Implications

At public institutions, state leaders have pressured universities into offering their
programs in formats that reduce the time to completion and student cost. Accelerated
online graduate programs have achieved these goals, but concerns linger about whether
the quality of these academic programs has been impaired. This study demonstrated that
accelerated online programs, at an HSI, can reduce the time to completion without having
a significant impact on student success. A major caveat to this finding is that if students
lack the required undergraduate credentials needed for a program, then academic success
is impaired. To maximize student success benefits, policies must address equity, quality
assurance, faculty support, and cultural compatibility while ensuring that the accelerated
online programs align with workforce needs and are sustainable in the long term. By
addressing these policy realms, HSIs can create appropriate online learning environments
that not only attract students but also ensure their success and contribute to closing the
higher education attainment gap. Master’s students at HSIs face unique challenges. Key
strategies to mitigate these issues could include policies offering flexible course designs,
increasing access to technology, providing financial aid resources, and enhancing mental
health and academic support services to ensure that these students have the tools and
resources to succeed.

Another implication of this work documented the pandemic’s impacts. Karakose [58]
indicated that there was a need for instructors and university administrators to monitor
the online education environment and to develop strategies to mitigate against negative
outcomes. This study revealed that such outcomes include increased time to degree and
grade inflation that impacted most at-risk students who discontinued their studies. The
pandemic uncovered an array of issues related to online learning that policymakers need
to be aware of. These include negative effects on student socialization, a lack of suitable
distance education in some disciplines, communication issues associated with distance
education, negative student attitudes towards distance education, student motivational
problems, technological gaps with economically disadvantaged segments of the student
population, and technical difficulties.

7. Conclusions
The results of this study largely confirm the importance of academic variables as a

predictor of master’s students’ persistence [5,6] across diverse program types. The Term
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Count increased during the pandemic period for F2F programs forced online. Despite the
disruption of the pandemic, Term Count was less for accelerated online programs versus
their pre-accelerated predecessors from before fall 2018. Interestingly, the Course Load also
significantly increased for the accelerated online programs, possibly reflecting the more
regimented nature of these programs. This result has valuable significance for stakeholders
interested in maximizing student enrollment. No significant decrease in GPA or increase
in Course Drop rate occurred when the programs transitioned into an accelerated online
format. These findings have important implications, given the growing reliance on online
programs, implying that there need not necessarily be a trade-off between academic rigor
and quality and efficiency.

All theoretical frameworks stress the importance of GPA as a predictor of persistence.
The increased GPA for discontinued students in the F2F programs forced online was the
result of the unique conditions of the pandemic. The reduced GPA for students in the
Business Administration program lacking an undergraduate degree in this field is contrary
to previous findings in the literature and possibly due to the accelerated online format
of this program at the subject HSI. The focus of this work was strictly on academics, and
future studies should examine other student success dimensions in the understudied and
rapidly growing Hispanic student population.
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