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Abstract. Women are traditionally underrepresented in science, technology, engineering, and mathematics (STEM). While the representation of women in STEM classrooms has grown rapidly in recent years,
it remains pedagogically meaningful to understand whether their learning outcomes are achieved in diﬀerent ways than male students. In this
study, we explored this issue through the lens of language in the context of an asynchronous online discussion forum. We applied Linguistic
Inquiry and Word Count (LIWC) to examine linguistic features of students’ reﬂective posting in an online chemistry class at a four-year university. Our results suggest that cognitive linguistic features signiﬁcantly
predict the likelihood of passing the course and increases perceived sense
of belonging. However, these results only hold true for female students.
Pronouns and words relevant to social presence correlate with passing the
course in diﬀerent directions, and this mixed relationship is more polarized among male students. Interestingly, the linguistic features per se
do not diﬀer signiﬁcantly between genders. Overall, our ﬁndings provide
a more nuanced account of the relationship between linguistic signals
of social/cognitive presence and learning outcomes. We conclude with
implications for pedagogical interventions and system design to inclusively support learner success in online STEM courses.
Keywords: Community of Inquiry · Gender in STEM ·
Computational linguistics · Linguistic Inquiry and Word Count
(LIWC) · Online learning · Higher education

1

Introduction

In higher education, introductory courses have been found to have key inﬂuence on students’ motivation to major in science, technology, engineering, and
mathematics (STEM) disciplines [26,39]. The success in introductory STEM
courses is not only determined by academic performance, but also by whether
or not students feel supported by the classroom community [19]. While we have
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seen an increase in female students’ enrollment in STEM disciplines, particularly in online courses [45], more challenges and higher attrition rates were
reported among females [3]. It is thus important to understand female students’
presence in STEM classrooms and how it aﬀects their learning outcomes and
experience. With universities increasingly employing learning management systems and oﬀering STEM classes online, there are more opportunities for learning
analytics to oﬀer insights into students’ learning processes and for artiﬁcial intelligence systems to appropriately scaﬀold learning behaviors.
Language is a window to learners’ social, cognitive, and aﬀective states in
learning [8,10,13,42]. The advances of computational linguistics oﬀer a powerful and eﬃcient way to quantify learning behavior at scale [7,9,11,12]. While
these methods have been commonly applied to forecast academic achievement
and cognitive processes [35,36], there have been fewer instances that focus on
non-cognitive outcomes such as learning experience and social identity [1,6].
Moreover, prior research suggests that there are gender diﬀerences at the sociolinguistic level in computer-mediated communication [5,29,32]. But it is less
known whether these language patterns are associated with outcomes in a different manner for male and female students. As such, we are interested in exploring whether linguistic characteristics of students’ discussion forum posts foretell
cognitive and non-cognitive outcomes, and what this means for diﬀerent genders
in the context of online STEM courses.
The contributions of this work are as follows. We extend the understanding
of gender diﬀerences in STEM learning through the lens of language, illustrating
the links between linguistics features in students’ reﬂective posting and performance. Further, by incorporating sense of belonging as an additional outcome
measure, we demonstrate diﬀerent ways language is associated with female and
male students’ experience in class. Lastly, our research contributes to the emerging research around (gender) equity in personalized and adaptive AIED systems.
In the conclusion section, we further discuss the theoretical and practical implications for future research and practices in the AIED community.

2

Related Work

The Community of Inquiry (CoI) framework is commonly referenced by works
on asynchronous discussion forums. The framework is comprised of three components: cognitive, social, and teaching presence [16]. We primarily focus on the
cognitive and social presence in this work. Cognitive presence involves higherorder thinking and constructing meaning through reﬂection [25]. In the context
of our current investigation, the reﬂection writing assignment highlights two
phases of cognitive presence: knowledge integration and resolution. Cognitive
presence can be achieved when students link new concepts to past knowledge,
and reﬂect on the application of what they learned in class to real-life scenarios.
Social presence reﬂects the process when learners interact socially and coordinate eﬀorts with peers [16,31]. In online learning, social presence is further
elaborated as “the ability of participants to identify with the community (e.g.,
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course of study)” [15]. Ample evidence from existing literature suggests enhanced
academic outcome and educational experience through promoting cognitive and
social presence [41]. Prior research also suggests that learning activities promoting social presence may also enhance the learner’s satisfaction and a greater
sense of belonging to the online community [2,17,37].
There has been extensive research that applies linguistic analysis to reveal
social and cognitive presence in online learning. Previously, research has found
distinct distributions of psychological categories of words at each level of the cognitive presence in the CoI framework, legitimizing language as a proxy for cognitive engagement [14,24]. Other research combined natural language processing
techniques and behavioral data to establish the connection between linguistic
features and engagement to predict learning outcomes [4]. The advances in computational techniques and machine learning models have given rise to automatic
identiﬁcations of activities in discussion forums that require timely intervention
[44]. Researchers have also attempted to translate the CoI coding scheme into
a artiﬁcial intelligence model to capture cognitive presence [27]. However, it has
become increasingly evident that the AIED community should progress towards
building automated approaches with an eye on equity and inclusivity in order
to appropriately address the issue of “one size ﬁts all” [18].
Previous research suggests that linguistics characteristics in computermediated communication diﬀer across gender lines [21,22]. In the context of
STEM learning, a more recent study also found the ability for language to reveal
distinct socio-cognitive processes in male and female students’ engagement [29].
With online courses serving as an entryway for female students to pursue STEM
disciplines [45], it is important to understand what leads to female students’
performance and learning experiences in introductory STEM courses compared
to their male counterparts [14,30]. Towards that end, we propose the following
research questions:
1. What linguistic features of students’ reﬂective posting are associated with
cognitive and non-cognitive outcomes in online STEM courses?
2. Do male and female students exhibit diﬀerent linguistic features?
3. Do these linguistic features correlate with learning outcomes diﬀerently for
male and female students?

3
3.1

Methods
Sample and Data

This study was conducted in a fully online, ten-week introductory chemistry
course at four-year university in the United States, with a total of 300 students
enrolled. The course was administered in the Canvas learning management system (LMS) and students were required to write a reﬂection post every week in
the discussion forum about the assigned reading for that week. This discussion
task accounted for 5% of the ﬁnal course grade and was organized in small groups
of ten students. Each student was randomly assigned to a group at the end of
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Week 2 and remained in the same group throughout the course. They could only
access the posts written by their group members. Beyond the required posts for
course credits, students were free to make additional contribution in the discussion forum. For fair comparison, we focused our text analysis on these original
reﬂection posts.
For the linguistic analysis, we obtained students’ discussion posts throughout
the course along with their metadata (e.g., timestamp, response relationship).
In order to address the ﬁrst research question, we collected the gradebook data
to derive performance measures. For the second research question, a pre- and
a post-course survey were sent to measure students’ sense of belonging, using a
validated Classroom Community Scale [37]. The scale contains ten items on a 5point Likert scale. For each student, the mean of their valid responses across the
ten items was calculated as their sense of belonging. Additionally, we collected
students’ demographic information and academic history data.
We excluded students who did not post at all throughout the course, leaving
a total of 238 students for our ﬁnal analysis. Among them, 53.6% were female,
42.1% were racial/ethnic minorities (African American, Hispanic and Native
American), and 58.6% were ﬁrst-generation college students. These ﬁgures suggest that the class had a fair proportion of traditionally underrepresented student populations in STEM ﬁelds, so the ﬁndings in this study would be especially
meaningful for STEM educators in general.
3.2

Linguistic Inquiry and Word Count (LIWC)

Linguistic Inquiry and Word Count (LIWC) is one of the most commonly used
dictionary-based tools to evaluate and assess cognitive, social and aﬀective properties in student discourse, as well as educational materials more broadly [34,38].
In the CoI literature, several studies have utilized LIWC to examine the linguistic
features associated with social and cognitive presence. In the current research,
we focused on a set of LIWC variables that are most representative of cognitive
and social presence in students’ discussion posts. A brief description of these
linguistic features can be found below and in Table 1.
Table 1. Summary of LIWC variables in the analysis
Construct

LIWC variables

Cognitive presence Analytic, Tone
Cognitive process
Social presence

Example words
–
Cause, think, should

Clout, Authentic –
Social process
Friends, talk
Personal pronouns I, we, they, you

Among the four composite variables, two of them are used as proxies of
cognitive presence. Analytic signiﬁes formal and logical language which results
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from cognitive processes. Tone captures the positive and negative valence in language. Previous research suggests a combination of language valence, pronouns,
and cognitive lexicons indicate state of confusion [46]. Academic writing which is
less narrative and more cognitively demanding may reside on the negative side
of this variable [42]. By contrast, the other two composite variables represent
elements relative to social presence. Clout is deﬁned as “relative social status,
conﬁdence, or leadership displayed through writing” [34]. Authentic has been
found to signal self-referencing and “humble, vulnerable” positions [33].
The cognitive process variable in LIWC includes terms that relate to higherorder thinking and signal cognitive presence [28,31,34]. Research has highlighted
subcategories of words under this category to demonstrate diﬀerent phases of
cognitive presence [24]. Social process includes content words concerning social
support and relationships. While this can be a good indicator for social presence
in casual contexts, highly social words might conversely suggest oﬀ-topicness in
formal chemistry reﬂections. Personal pronouns indicate attentional focus and
social relationships [35]. Speciﬁcally, the use of “I” represents attention drawn to
oneself, in contrast to “we”, “you” and “they” which take more “other-oriented”
views. Learners who notice and make connections to others’ work are likely to use
more other-oriented pronouns [33]. For each student, we computed the average of
each LIWC variables across all of their discussion posts to reﬂect their linguistic
experience throughout the term.
3.3

Statistical Analysis

We leveraged two models under the framework of generalized linear regressions
(GLM) to examine the relationship between linguistic features (all centered and
Z-standardized) and students’ cognitive and non-cognitive outcomes. For the
cognitive aspect, we used logistic regression to regress the log-odds of passing
the course (getting a letter grade of D- or above) on LIWC variables. Note that
only 76% of the class passed the course. For the non-cognitive outcome, we used
multiple regression, where students’ change in sense of belonging throughout
the course was regressed on LIWC variables. In all regression models, students’
background information, including gender, ﬁrst-generation college status, ethnically underrepresented minority (URM) status and SAT scores, was controlled
for, as these variables captured group diﬀerences shaped by opportunity gaps
prior to their college experience [40]. Also, the four composite LIWC variables
were included in separate models from individual LIWC variables (Sect. 3.2) to
avoid potential issues of (partial) collinearity.
To compare linguistic features between genders, we used independent t tests
to statistically test diﬀerence between genders in each of the LIWC variables.
Moreover, we reran the previous regression models separately on female and male
students, and interpreted the coeﬃcients of LIWC variables to explore potential
gender diﬀerences in the relationship between linguistic features and student
outcomes.
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Results
Linguistic Features and Student Outcomes

Table 2 presents the estimated relationships between LIWC variables and cognitive and non-cognitive outcomes. Note that composite and individual LIWC
variables were included in separate regression models. For the cognitive outcome (passing the course), raw instead of exponentiated coeﬃcients from logistic regression models are reported. These estimates show that high cognitive
complexity, low social content, negative tones, low social-status language and
high frequencies of other-oriented pronouns (we/you/they) are associated with a
higher likelihood of passing the course. Reﬂecting on our construction in Sect. 3.2,
these results combined suggest a positive relationship between cognitive presence
and cognitive outcome but a more complicated one between social presence and
the same outcome. In stark contrast, none of the linguistic features succeeds in
predicting students’ change in sense of belonging after taking the course, or the
non-cognitive outcome.
Table 2. Relationship between LIWC variables and cognitive (passing the course) and
non-cognitive (change in sense of belonging) outcomes
Pass
Coef

SE

ΔSOB
Coef
SE

Composite LIWC variables
Analytic

−.164

(.191)

Clout

−.377*

(.195) −.0192 (.0615)

Authentic
Tone

.0861

.079

(.0535)

(.182) −.0143 (.061)

−.473*** (.17)

.0041 (.0684)

Individual LIWC variables
CogProc

.383*

(.211)

(.0805)

−1.04*** (.317) −.119

(.121)

I

−.057

(.0698)

(.207) −.07

We

.665*

(.343) −.0188 (.121)

You

.281

(.186) −.106

They
.352*
(.197)
* p<0.1 ** p<0.05 *** p<0.01

4.2

.103

SocProc

(.0746)

.0217 (.0704)

Gender Diﬀerences in Linguistic Features

Table 3 presents the summary statistics of LIWC variables for male and female
students, respectively. All the statistics were calculated before centering and
standardization. The last column reports results from independent t tests to show
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Table 3. Gender diﬀerence in LIWC variables. Format: mean (SD).
Male

Female

Diﬀ

Composite LIWC variables
Analytic

83.8 (9.94)

83.8 (10.2) −.0292

Clout

71.8 (13.4)

72.1 (10.9) −.325

Authentic

34.6 (15)

36.4 (15.2) −1.78

Tone

52.1 (16.8)

52.1 (17)

−.0105

Individual LIWC variables
Cognitive process 11.3 (2.96)

11.3 (2.85)

.04

Social process

6.12 (1.96) 6.16 (1.99) −.0398

Pronoun: I

.256 (.679) .237 (.51)

.0191

Pronoun: we

3.35 (1.7)

.205

Pronoun: you

.176 (.408) .273 (.431) −.0973*

3.15 (1.53)

Pronoun: they
.558 (.483) .574 (.514) −.0166
* p<0.1 ** p<0.05 *** p<0.01

if each variable had a signiﬁcant gender diﬀerence. Contrary to some prior literature [21,22], we did not observe much diﬀerence in linguistic features between
male and female students. The only diﬀerences observed was that male students
perceived signiﬁcantly stronger sense of belonging at the end of the course, and
that female students used “you” signiﬁcantly more in their reﬂection posts.
4.3

Gender Diﬀerences in the Relationship Between Linguistic
Features and Student Outcomes

Figure 1 visualizes the estimated coeﬃcients from separate regression models.
The visuals depict that the positive relationship between cognitive language and
cognitive outcomes is concentrated on female students, evidenced by the significant eﬀects of tone (−) and cognitive process (+) on the likelihood of passing
the course. In contrast, the mixed relationship between social language and cognitive outcomes is more polarized for male students. Speciﬁcally, social referencing through other-oriented pronouns (we/you/they) signiﬁcantly contributes to
males’ course outcomes but the use of social words has negative eﬀects on the
same outcomes.
While the change in sense of belonging is not correlated with any LIWC variables in the overall model, there are some signiﬁcant relationships among female
students. More cognitive language use predicts an increase in women’s perceived
classroom community, whereas other-oriented pronouns exhibit negative associations.
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(a) Composite LIWC variables

(b) Individual LIWC varaibles

Fig. 1. Gender diﬀerences in the estimated relationship (regression coeﬃcients)
between LIWC variables and cognitive (passing the course) and non-cognitive (change
in sense of belonging) outcomes
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Discussion

In this study, we investigated the relationships between linguistic features of
students’ reﬂective posting and student outcomes in an introductory online
chemistry class. We further examined the gender diﬀerences in these linguistic features, and in the way they associated with outcomes. From our results,
the strong positive relationship between cognitive language use and course performance for female students suggests that there might be an underlying need
for female students to demonstrate cognitive engagement through language to
achieve better outcomes. Additionally, the positive correlation between cognitive
language and increased sense of belonging indicate that females are more likely
to derive a sense of belonging from making intellectual contributions to the discussion forum. This might imply that cognitive language can improve learning
experience and shape STEM identity more for female students than for male
students.
The overall negative relationship between social language and passing the
course may suggest that being on-topic is an important indicator of grades [43].
A reﬂection post with too many social signal words could mean a deviation
from core content, leading to lower performance on tests. Regarding the use
of pronouns, “we” was associated with decreased perceived sense of belonging
for female students, which was somewhat surprising. While we expected that
the use of an inclusive pronouns such as “we” would create a greater sense of
community, this result shows the opposite. This counter-intuitive relationship
might be accounted for by group factors. For instance, if a female student is the
only person in her discussion group who engages in deep reﬂection, she may feel
disconnected. A weaker sense of belonging may therefore be triggered by using
“we” when the personal and group identity do not align. Due to the scope of our
analysis, the current study did not take into account of group-level inﬂuence,
but this remains an important direction for future work.

6

Conclusion

The naturally occurring educational discourse data within online learning platforms presents a golden opportunity for the AIED community to advance the
understanding of cognitive and social processes in STEM learning and enables
new kinds of personalized interventions focused on increasing inclusivity and
equity [20]. Towards these ends, there are several key obstacles including limited analytical approaches to handling the scale of such data and substantive
data-driven knowledge that can direct us to cultivate more equitable, respectful,
and diverse environments that meaningfully engage all learners. In this context,
our ﬁndings present some theoretical and practical implications for the AIED
community.
For starters, our results alert that transferring and interpreting learner behavior across diﬀerent types of online environments (i.e., MOOCs versus accredited
university classes) or across academic disciplines require careful considerations.
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One might assume that increased social presence in asynchronous discussion
forums reﬂected by social language use would beneﬁt learning. Yet the opposite result in the context of this chemistry course suggests that discussing nonacademic content may also be irrelevant and undesirable in a formally structured
discussion environment. Consequently, contextual information including classroom community and course delivery needs to be considered when deploying
AIED applications focused on linguistic analytics. More nuanced considerations
should also be given to applying theoretical models to online environments. For
the same results above, it is also likely that social presence built upon knowledge construction is more valuable to learners’ sense of belonging than that upon
shared personal interests. Knowing this diﬀerentiation can be particularly informative for designing strategies to reduce the attrition rates of female students
in STEM subjects.
Finally, our ﬁndings shed light on the emerging discourse around fairness and
equity issues in student models [23,47]. Mining educational data should not be
left without considerations for equity and inclusivity for diﬀerent student populations. In our case, although the linguistics features appeared to be indistinguishable for male and female students overall, they were in fact associated with
learning outcomes diﬀerently at a deeper level. We further highlight concerns
about making instructional decisions based on the analysis for an entire student
body. Such an approach, as we have found, might inadvertently discount the disparate impact on gender subgroups. Future development of automated analytic
tools and machine learning models used to monitor learners’ discussion forums
activities should thus aim to recognize gender diﬀerences in order to close gender
gaps in STEM education.
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