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ABSTRACT

1

Previous research has shown that students from underrepresented
minority groups tend to receive lower grades in online classes than
their peers, especially in science-focused courses. We propose that
there may also be benefits to online courses for these students
(e.g., opportunities for peer discussions where minority status is
less salient), though little is currently known about these potential
benefits. We present a new perspective on learning outcomes by
measuring improvement, rather than grades alone. In learning management system data from seven semesters of an online introductory science course, we found that students from underrepresented
minority racial groups were indeed less likely to receive high grades,
and scored lower on exams; however, their exam scores improved
throughout the semester a similar amount compared to their peers.
We also compared improvement to students’ behaviors, including
exam submission times and forum usage, finding that these behaviors were related to improvement. Finally, we also briefly discuss
implications of these findings for reducing inequalities in education, and the possibilities for underrepresented minority students
in online STEM education in particular.

Students from underrepresented groups are disadvantaged in many
education contexts [3, 15, 24, 26, 39, 40]. They are, broadly speaking,
especially less likely to succeed in online educational environments
[24, 39]. However, the online environment also has potential to
alleviate some of the disadvantages these students face in traditional classroom contexts due to stereotype threat [5]. For example,
pressures for these students to blend in, stay quiet, and a lack of
opportunities for building group camaraderie may all be diminished
in the online environment where appearance (e.g., gender, race) is
less obvious during social interactions.
In this paper we investigate student success in an online learning
space, comparing students from underrepresented groups to their
peers in terms of online learning behaviors mined from log files. We
examine multiple outcomes of success including course grade, exam
scores, and improvement in exam scores throughout the course. We
thus uncover aspects of what likely helps these students succeed,
leading to recommendations for interventions and course design
changes intended to promote the educational success of students
from underrepresented groups.
Previous research has largely focused on outcomes such as course
completion, dropout, or participation (see [12] for a recent review).
Conversely, Kizilcec et al. [27] examined students behavioral trajectories during massive open online courses (MOOCs). In this paper
we also consider trajectories, but focus on exam grade trajectory
(i.e., improvement throughout a course) as a key outcome measure
for students, in a credit-bearing college course. Based on previous
work such as [39], we also expect to see differences in behavior and
outcomes for students from demographic groups that are traditionally underrepresented in higher education. In particular, we focus
on an introductory STEM (Science, Technology, Engineering, and
Mathematics) course and consider student demographic characteristics including gender, race, and first-generation college student
status (students whose parents did not attend college – a proxy for
socioeconomic status).
The results in this paper demonstrate that student demographics are related to success in an online STEM course, especially
for students from underrepresented minority racial groups (URM
students). Our findings thus corroborate previous research in this
respect, but we also make novel contributions. We deepen the understanding of what distinguishes URM students from their peers (and
what makes them the same) in the online STEM education space
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INTRODUCTION

by examining multiple definitions of successful outcomes while
triangulating outcomes, student demographics, and behaviors. We
demonstrate a simple method for analyzing student improvement
within a course, which can easily be applied to future research.
Overall, we find that URM students in this STEM course get lower
course grades and exam scores, despite no notable differences in
online behaviors. However, URM students improved throughout
the course similarly to their peers.
We situate our results in the context of related research (described below), detail our data collection and analytic methods,
and break down the nuanced relationships between demographics,
outcomes, and behaviors.

2

RELATED WORK

Many related research projects show the connections between students’ online behaviors and outcomes (see review in [12]), and
demographic correlates of outcomes [3, 24, 26, 39–42] – the full
extent of which is beyond the scope of this paper. In this section
we thus focus on (i) research that highlights the importance of
underrepresented status in education (broadly speaking), (ii) demographic differences in online STEM courses specifically, and (ii)
research that provides detailed descriptions of behavior analysis in
online courses.

2.1

Importance of students’ background
characteristics

Researchers have explored many different aspects of how students’
background characteristics have related to educational experiences
and outcomes. For example, Ogbu’s anthropological work focused
on – among other things – differentiating types of racial and ethnic
minority statuses and their impacts on education [35]. In particular,
he drew a distinction between voluntary minority groups (those
who predominately immigrate to pursue better outcomes for themselves and their descendants) and involuntary minority groups
(those who were historically displaced or forced to immigrate). Following Ogbu, the URM students included in our study were from
involuntary minority groups, who tend to receive fewer educational
opportunities and who experience less pressure to succeed from
teachers, parents, and community members [31, 35].
There is also a large body of research on the importance of
having students having a sense of belonging at their educational
institutions [16, 18, 21, 23, 36, 37]. For example, Johnson et al. [23]
found that URM students have less of a sense of belonging than
their peers in first-year university studies. Similarly, in secondary
school, URM students are underrepresented in advanced placement
classes and report experiencing a less inviting academic culture
compared to their peers [33].
Previous research also shows that non-traditional student characteristics (e.g., being a single parent, working full time) increase
the likelihood of enrolling in online sections of classes. Wladis et
al. [40] studied over 25,000 students and found that these characteristics compounded on each other; students were more likely to
enroll in online classes if they belonged to a larger number of these
demographic groups. In this paper we consider first-generation
college-student status, as one indicator of non-traditional collegestudent status, as it relates to STEM course success.

Given such previous research findings, we considered the relations between gender and course grades, and first-generation status
and grades. However, URM status appeared to be the strongest
individual risk factor for receiving a low grade (Figure 4, Table 1)
– a relationship that has also been extensively studied in previous
research.
Xu et al. [42] studied over 40,000 students in online college
courses and found that Black students received significantly lower
grades relative to their peers. Kaupp [24] examined an even larger
database of students (4.5 million) in online and face-to-face classes,
finding that Latina/o students received significantly lower grades
than their peers in online classes. We were thus motivated to consider URM students, which included Black, Latina/o, Native American, and multiracial groups in our analyses. Based on these reported findings, we expected that URM students might receive
lower grades.

2.2

Minority status in STEM courses

Previous research has demonstrated that gender – specifically, being
male – predicts persistence in STEM courses and majors [17, 26],
despite the promising career opportunities that a STEM degree
provides [8, 29]. For example, Griffith et al. [19] studied longitudinal
data across universities in the United States to compare women’s
persistence in STEM majors to that of their peers, finding that
women were significantly less likely to remain in STEM majors
than men. Similarly, Crues et al. [13] examined persistence in a
large MOOC focused on computer science (a STEM topic) and found
that women were less likely to persist in the course.
Stereotypes about the brilliance or giftedness required for success in a field can also create difficulties for URM students in STEM.
Leslie et al. [30] found that people’s beliefs about the giftedness
required for success in various fields (versus dedication required)
correlated significantly with the proportion of African Americans
who obtained a Ph.D. in those fields (r = −0.54). Similarly, they
found that fewer women obtained Ph.D.’s in fields that value brilliance over dedication (r = −0.58). Furthermore, Bian et al. [4]
found that these biases emerge in children as young as 6 years old.
STEM fields – which tend to stereotypically require brilliance – can
thus be especially prone to excluding female and URM students.

2.3

Behavior analysis in online courses

A plethora of previous work has documented relationships between students’ online course behaviors and their outcomes (e.g.,
[2, 11, 12, 20, 22, 28, 32, 34, 43]). Links between behavior and success
are thus well-established. This paper focuses primarily on differences in behavior between URM students and their peers, which
is a relatively less well analyzed aspect of behavior-outcome relationships. Some previous work has examined similar connections,
however.
Bosch et al. [6] explored URM status in detail with data from a
university-level online STEM course, but did not examine students’
race with finer granularity than White and non-White, and did
not consider nuanced definitions of success. Conversely, Guo et al.
[20] examined four STEM MOOCs – which included over 140,000
students – but examined race only in terms of students’ countries
of origin.

3 METHOD
3.1 Learning management system data
The data we analyzed originated from student enrollments over
seven sequential semesters, over a three year period, in an introductory STEM course, offered at a large Midwest land-grant university.
Every student action (i.e., clickstream data) within the web-based
course was time-stamped and archived by LON-CAPA, a Learning
Management System (LMS). The LMS recorded a total of 2,418,509
events, which included exam submission times, scoring per question attempt, forum views, and forum posting (see Figure 1 for an
illustration of a student’s view of LON-CAPA).
We received university institutional review board approval before obtaining any data that is analyzed in this paper, and examined
only anonymized data from semesters that were completed, per university policies. We also obtained consent from instructors involved
with the course before obtaining data.
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In this paper, we build on previous research by defining success
in multiple ways to discover how online STEM education at the
university level is (or is not) serving URM students effectively. We
focus both on exam-taking behaviors – because exam outcomes
are germane to the measure of improvement we consider – and on
online discussion forum usage – because forums have been shown
to be important predictors of outcomes [10, 11].
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Figure 2: Example of a semester in which there were three
clear exam submission times. Improvement was measured
from the first exam to the second two.
The course varied in some respects across semesters. In five
of the seven semesters, teaching assistants were available to answer questions (e.g., in the discussion forums), while in the two
other semesters there were no teaching assistants. The presence
of teaching assistants may have altered how students interacted in
the discussion forums, although data from many more semesters
will be needed to determine if that is the case. Additionally, two
semesters were summer sessions, in which the pace of the course
was accelerated. In some semesters there were three exams (e.g.,
Figure 2), while in others there were only two (e.g., Figure 3). In
semesters with two exams, we measured improvement in exam
scores from the first to last exam, while in semesters with three
exams we measured improvement from the first exam to the mean
score of answers in both of the subsequent two exams.
In all semesters, forum participation was counted as part of
students’ grades (5%). Each week, students were required to post
questions, worked solutions to homework problems, or answers to
other students’ questions. Making weekly postings a course requirement may have resulted in increased participation (and different
quality of participation) relative to online courses with optional
forum participation; however, some students did not participate
regularly, despite this requirement.

3.2

Figure 1: Screenshot of the main navigation page for a
course in the LON-CAPA learning management system.
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Student demographic data

We obtained student demographic, enrollment-by-semester, and
grade data from the university’s data warehouse. Prior to our analysis, a separate university data provider anonymized the LMS and
demographic data. Anonymization included (i) replacing original
student identifiers with a unique anonymous code, and (ii) aggregating unnecessarily detailed grade and demographic information.
We also obtained standardized test scores as a measure of academic preparation. Specifically, we obtained scores from the ACT
test [1], a standardized test frequently taken by secondary school
students as part of applications to universities in the United States.

Exam submission times for a 2-exam semester

to 206 of 423 (48.7%) for their peers. This difference was statistically
significant (p < 0.001) and forms the impetus for the next section
of this paper, where we examine student behavior and performance
within the course.
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Figure 3: Example of a semester in which there were only
two exams.
In this paper, we examine the ACT composite score, which aggregates individual English, mathematics, reading, and science component scores. Due to privacy concerns that precise ACT scores might
identify individual students, the university data provider grouped
scores into three levels selected based on aggregate university-wide
test scores; group 1 included scores < 28, group 2 included scores
in the range 28 − 32, and group 3 consisted of scores > 32 (out of a
maximum of 36).
Our focus is on all student enrollments where the student made
a significant semester-long time investment and appeared to have
an intent to complete the course and earn a passing grade. With
this in mind, we included all students with enrollments (n = 506)
that led to the recording of an end-of-course grade outcome – i.e.,
one of {A, B, C, D, W(ithdrawal), or F(fail)} – and included an ACT
score. To avoid privacy issues introduced by analyzing small groups
of students, we obtained grades that were divided into four groups:
A, B, C, and other (i.e., D, W, or F). Students who registered for the
course and either dropped the course before the drop-deadline or
never interacted with the LMS were not considered.
We obtained three binary demographic attributes for each student: Underrepresented-in-STEM racial/ethnic minority (“URM”),
underrepresented-in-STEM gender (“F”), and first-generation college student status (“1”). Underrepresented minority status were
students who self-identified as Hispanic, Black, Native American,
or multiracial. Gender was aggregated into two categories, with
the female group including all gender identities underrepresented
in STEM (i.e., not “male").

3.3

Summary of course outcomes

Table 1 shows the fraction of A or B grades awarded for each
demographic group. For Table 1 we combined A and B outcomes
to succinctly show the proportion of students who achieved an
above-average outcome. Of the three groups reported, the lowest
fraction of A/B grades awarded was to the URM group. There were
24 A/B grades assigned out of 83 (28.9%) URM students, compared
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Figure 4: Percentage of students who received a high grade
(an A or B) in the introductory STEM course that we discuss
in this paper1 . Students who were members of traditionally
underrepresented minority racial groups tended to receive
lower grades; furthermore, being a member of multiple underrepresented groups was related to even lower probability
of receiving a high grade.

Table 1: A/B grade outcomes for underrepresented minority,
gender and first-generation college students. There were 230
students who received A or B grades, out of all 506 students.
Demographic

n

A/B grades

URM

83

24 (28.9%)

not URM

423

206 (48.7%)

First generation

115

40 (34.8%)

not First generation

391

190 (48.6%)

Female

273

110 (40.3%)

Male

233

120 (51.5%)

All students

506

230 (45.5%)

Students may belong to more than one underrepresented demographic group, which may exacerbate challenges faced by the
student. Figure 4 summarizes the fraction of A or B grades for each
of the 8 sub-groups individually (none, 1, F, U, 1F, 1U, UF, and 1UF)1 .
1 Bars in Figure 4 are independent to illustrate the importance of having a single versus

having multiple underrepresented group statuses. Table 1 presents a complementary
perspective where rows are not necessarily independent; for example, a female URM
student is in only the UF section of Figure 4, but in both the URM and Female rows of
Table 1.

The dashed lines illustrate the mean fraction of A/B grades for
students from one underrepresented group (1, F or U) and students
from two groups (1F, 1U, UF). One simple (but incomplete) interpretation of these aggregate results is that members of multiple
underrepresented groups are especially at risk, because the fraction
of A/B grades drops precipitously (roughly halves) when contrasting members of 0 or 1 underrepresented groups to members of 2
or 3 underrepresented groups. Thus “multiple underrepresented
demographic groups means at-risk” could be a memorable – though
prima facie – general rule for advisors and teaching assistants.
However, within the apparently unaffected aggregate group belonging to one underrepresented group (1, F or U) with a normative
average of 51%, the diminished grades of the small (n = 19) “U”
group were averaged out by the better grades of traditional-firstgeneration male students in the “1” group. Interventions or support
only for students who were members of multiple underrepresented
groups would miss this. Instead, a more appropriate guide is that
all groups with URM status (U, 1U, UF, 1UF) and first-generation
female students (1F), have an elevated risk of a lower grade. This
corresponds to the last 5 right-hand groups of Figure 4.
Multiple-group effects are the focus of ongoing research that is
beyond the scope of this paper. Although the sample we consider
contains several hundred students, it is too small to permit in-depth
analyses of students who are members of multiple underrepresented
groups. Thus, we focus our more detailed analyses on the single
group with the most notable disparity in grade outcomes: URM
students.

3.4

3.4.2 Extracting key student behaviors. We focused on a select set
of student behaviors that are related to course outcomes (see related
work). In particular, we calculated (i) the number of forum posts
students made, (ii) the number of times students viewed forums, and
(iii) mean exam submission time before due date. We calculated each
of these behavioral features per half of the course to correspond to
the course halves in our measure of improvement.
3.4.3 Testing relationships between URM status, behaviors, and improvement. We measured the strength of correlations for all analyses via Spearman’s rho, which is appropriate given the non-normal
distributions of variables in our data (e.g., ordinal count-based behavioral features described above). For correlations including URM
status, we coded URM students as 1 and their peers as 0. Thus,
for example, a positive correlation between URM status and a behavior would indicate that URM students exhibited that behavior
more than their peers. In analyses where we controlled for a third
variable when testing the correlation between two other variables
(e.g., controlling for the relationship between URM status and ACT
score), we computed semi-partial Spearman correlations calculated
with the ppcor [25] package in R [38].

4

RESULTS

We examined success measures including grades, exam scores, and
improvement. As reported above (Section 3), analysis of URM, gender, and first-generation college student demographics showed that
URM status was the largest risk factor apparent in our data (Figure 4). Thus, we conducted remaining analyses focused on URM
students.

Analysis procedure

3.4.1 Measuring improvement. We measured improvement in the
course by dividing each semester into first and second halves and
calculating mean exam question score within each half. We calculated the beginning of each semester by selecting students who
achieved high grades and finding the median time of their first
action in the LMS. We utilized the same method with students’ last
actions to calculate the end of each semester. Then, we defined the
midpoint of each semester as halfway between the beginning and
end.
Each exam question could be answered incorrectly (0 points), partially correctly (0.5 points) or correctly (1 point). The LMS allowed
students to make multiple attempts, with only the best answer
counting toward students’ grades. Thus, we also considered only
their best answer from all attempts per question. We then calculated mean exam question score as the mean from among their best
answers for each half of the course. We defined improvement as
mean exam score (second half) − mean exam score (first half).
We further restricted the dataset to students with improvement
scores – i.e., students who had exam scores in both halves of the
semester – and those with ACT scores, resulting in a dataset of 279
students for all subsequent analyses. This dataset includes notably
fewer students, predominately excluding those who withdrew (and
thus submitted no more exam answers) or failed because they also
did not submit exam scores. In future work we discuss potential
methods to include some of the students not considered further in
this paper, but such analyses are beyond the scope of this paper.

4.1

Exam score comparisons

Mean exam question scores in the first half of the course were
35.2% (SD = 12.5%) for URM students and 39.9% (SD = 13.2%)
for their peers, which was a significant difference (4.7% difference,
p < 0.05) – although this effect was not large and was not significant
after Bonferroni correction [14]. Differences were even larger in
the second half of the course: URM students scored 41.6% (SD =
13.2%) on average, versus 48.8% (SD = 13.2%) for their peers (7.2%
difference, p < 0.005). However, after controlling for the effect
of academic preparation (ACT score) on exam scores via semipartial Spearman correlation tests, these differences between URM
students and their peers were no longer notable (p = 0.397 for the
first half of the course, p = 0.144 for the second half).
In both halves of the course, mean exam scores were below
typical failing threshold (e.g., 60%) for both URM students and their
peers. However, students were also graded on other aspects of the
course, such as participation in discussion forums. Additionally,
over half of students received a low grade in the course (Table 1),
so low exam scores are unsurprising.

4.2

Improvement in exam scores

Despite low exam scores, URM students improved throughout the
course (mean improvement = 6.4%; SD = 12.9%). Their peers may
have improved slightly more (M = 8.9%; SD = 13.3%), though
this difference was not significant (p = 0.353). We also conducted
analyses accounting for the influence of ACT score on improvement,

but there were still no statistical differences between URM students
and their peers in terms of improvement (p = 0.780).
Thus, results indicated a similar amount of improvement for
URM students compared to their peers.

4.3

URM student behaviors in the online
learning environment

Given their lower exam scores and grades, we expected that URM
students might also exhibit different patterns of behavior potentially
related to lower grades – such as procrastinating on exams or
engaging less with discussion forums. However, that was not the
case. In the first half of the course, URM students submitted exams
at roughly the same time as their peers (p = 0.661), made a similar
number of discussion forum posts (M = 8.43 versus M = 8.13 for
their peers; p = 0.399), and accessed discussion forums a similar
number of times (M = 76.5 versus M = 72.9 for their peers; p =
0.297).
Results from the second half of the course largely replicated these
findings. In the second half, exam submission times differed little
(p = 0.666), as did the number of discussion forum posts (M = 4.80
for URM students versus M = 4.43 for their peers; p = 0.098)
and the number of discussion forum accesses (M = 41.3 for URM
students versus M = 42.2 for their peers; p = 0.562).

4.4

Relationships between improvement and
behaviors

So far, results in this paper have shown that URM students exhibited
behaviors similar to those of their peers, and that they improved
similarly as well. These findings raise the question of whether
or not their similar improvement could have been the product of
their similar behaviors. Indeed, we found that exam submission
time and number of discussion posts were significantly related to
improvement (Table 2).
The direction of these correlations may be somewhat surprising
for both halves of the course. Submitting exam answers earlier was
related to lower improvement (rho = −0.231 [first half], rho =
−0.218 [second half]), as was posting more frequently in discussion
forums (rho = −0.293 [first half], rho = −0.208 [second half]).
Controlling for ACT score makes little difference for these effects (e.g., rho = −0.223, p < 0.001 for the correlation between
exam improvement and answer submission time). However, another possible explanation for these correlations is that students
who improve the most were those who lack online course-taking
habits we might expect to be beneficial (such as interacting on the
forums). We conducted a follow-up analysis in the next section to
analyze this possibility.

4.5

Table 2: Spearman correlations between behaviors and exam
score improvement for both halves of the course. Negative correlations indicate less improvement given a greater
amount of the given behavior.

Relationships between course grades and
behaviors

We found that behaviors we expected to be beneficial (submitting
exam answers earlier, posting to the discussion forums, and viewing the forums) were positively related to course grades during
both halves of the semester (Table 3). These results are in contrast
to behavior correlations with improvement (Table 2), suggesting
that students who are high performing (and thus have less room

Measure
Mean seconds until exam due
Number of discussion posts
Number of discussion accesses

Course
half

rho

p

1

−0.231

< 0.001

2

−0.218

< 0.001

1

−0.293

< 0.001

2

−0.208

< 0.001

1

−0.105

0.081

2

−0.108

0.072

to improve) already exhibit these behaviors, while students with
more room to improve benefit from them. A semi-partial Spearman
correlation between course grade and improvement, controlling for
the relationship between ACT score and improvement, showed no
relationship between course grade and improvement (rho = −0.042,
p = 0.490), indicating a complex relationship between grades, improvement, and behaviors.
Tables 2 and 3 revealed relatively consistent effects across both
halves of the semester. We thus also examined the changes in behavior over time to determine whether these similarities might be
driven by consistent behaviors across halves of the course. Table 4
shows that behaviors were indeed consistent – Spearman correlations ranged from rho = 0.541 to 0.920, indicating that student
behaviors remained relatively consistent over time.
Table 3: Spearman correlations between behaviors and
course grades scores per course half (first or second half).
Positive correlations indicate more of the given behavior
was associated with a better grade.
Course behavior
Mean seconds until exam due
Number of discussion posts
Number of discussion accesses

5

Course
half

rho

p

1

−0.020

0.742

2

0.002

0.971

1

0.178

< 0.005

2

0.152

< 0.05

1

0.189

< 0.005

2

0.186

< 0.005

DISCUSSION AND CONCLUSIONS

We were interested not only in the grades that URM students received in an online STEM course, but also in how much they improved compared to their peers. Surprisingly, our results showed
that URM students and their peers improved a similar amount, despite receiving lower grades (which was expected from previous
research). Moreover, URM students’ behaviors in the course were

Table 4: Spearman correlations between behaviors across
first and second halves of the course.
Course Behavior

rho

p

Mean seconds until exam due

0.920

< 0.001

Number of discussion posts

0.541

< 0.001

Number of discussion accesses

0.684

< 0.001

also quite similar to their peers’ behaviors. These findings lead
to multiple possible conclusions with implications for designing
effective and fair online courses.

5.1

Prior knowledge

It is possible that URM students in the course we analyzed entered
the course with lower prior knowledge, on average. If this is the
case, they might show similar behaviors and improvement – indicating that the course effectively promoted learning – but still
finish with lower knowledge (and grades). In future work we will
collect measures of prior knowledge to test this possibility. If this is
indeed the case, it may indicate that the LMS and course we examined is effective for URM students, but that these students would
benefit from additional preparation before beginning the course.
Such preparation could be included as a new prerequisite course
or as additional video lectures for the beginning of the course that
have been specifically designed to address exam questions URM
students typically miss.

5.2

Online course-taking abilities

In a similar vein, URM students might be less familiar with effective
online course-taking habits due to inequalities in education that
they experienced (e.g., fewer computer labs in high school). We
will collect data regarding students’ experiences with taking online
classes to explore this possibility in future work. If prior online
class experience proves to be a strong predictor of success, URM
students might be well-served by tutorials given at the beginning
of courses to teach students to leverage online education resources
effectively.

5.3

Implications for inclusive online STEM
courses

In the seven semesters of the STEM course we explored in this
paper, we found that URM students exhibited similar behaviors and
improved a similar amount relative to their peers. These findings
are encouraging for the possibility that online STEM courses may
alleviate some of the stereotypical pressures of being a URM student in a face-to-face class. However, this is not always the case
with online classes [39, 40]; thus, further investigation is needed to
determine which aspects of online courses promote equal participation and exam score improvement (e.g., required versus optional
discussion forums).
Other researchers have suggested methods for developing more
inclusive courses that may also be applied to the online space. For
example, Hurtado & Carter [21] found that discussion of course
materials outside of class improved students’ sense of belonging. In

the online environment, this could translate to required discussion
of questions or other topics in forums.
Chestnut et al. [7] suggest strategies such as promoting a growth
mindset among students (versus a fixed mindset about the potential
to improve their abilities) [9], which might require changes to
instructional content in online courses to incorporate computeradministered mindset interventions (e.g., [44]). The recorded nature
of online discussion forums also permits possible interventions
based on the language of students’ posts – for example, if fixed
mindset characteristics are detectable from posts.
Notably, we also found that ACT score – a measure of academic
preparation – predicted better exam grades, and explained the difference in exam scores between URM students and their peers.
This finding aligns with previous research on URM student differences in primary and secondary education [4, 9, 18], and highlights
the importance of creating inclusive educational environments for
students of all ages.

5.4

Limitations and future work

This study had a few limitations, which we plan to address in future
work. First, improvement could only be measured for students who
participated throughout the duration of the course, since those
who withdrew or stopped participating early in the course did not
have later exam scores that could be measured. In future work, we
will also consider an alternative definition of improvement that
is measured over the trajectory of each student’s participation –
whether that consists of three weeks or three months. However,
such a definition of improvement has its own drawbacks, since
comparing students who withdraw early and those who complete
the course may not be fair comparisons.
Second, our analyses were limited to a single STEM course, although our data included seven semesters (offerings) of the course.
In future work, we plan to collect data from other courses (within
STEM topic domains) and repeat the analyses in this paper, to discover which patterns of improvement and behaviors may be coursespecific and which generalize to other STEM disciplines. Including
additional data will also enable more sophisticated analysis methods, such as machine learning models trained with fine-grained
records of a wide range of student actions in the LMSs. In turn,
these models may yield new insights or opportunities for beneficial
interventions.
Third, we focused our analyses on URM students, although
preliminary data suggest that students who are members of multiple groups traditionally underrepresented in STEM (e.g., firstgeneration college students who are also female) may merit thorough investigation to determine why they receive lower grades
(Figure 4). Such intersectional groups naturally restrict the dataset
further, however. Thus, further data collection is needed to obtain
a sufficiently large sample for thorough analysis.

5.5

Conclusion

Our results demonstrate one path for creating a future with fairer
STEM education through online courses. We found that URM students behaved similarly and improved similarly compared to their
peers, lending credence to the hypothesis that online educational

environments can offer URM students an environment with apparent reduced stereotype threat where they feel free to participate
and thus reap the corresponding benefits.
Socioeconomic disadvantages, racism, prejudice, bias, and cultural stereotypes are problems minority students frequently face
[15]. Our results likely reflect the varying educational, cultural,
societal and socioeconomic challenges, support, and opportunities
that students from different backgrounds experience prior to enrolling in – and while enrolled in – this online STEM course. Indeed,
our results show no statistical differences in either improvement
or exam scores for URM students, relative to their peers, after controlling for prior academic preparation. Our results suggest that
URM students work in the same ways, which yield the same sorts
of results, as their non-URM peers in this online STEM course.
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