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Does the transition to online meetings exacerbate or alleviate gender and
racial inequities in student participation in project teams? Theory-guided

machine-learning analysis of online collaborative work during the pandemic

Online meeting modalities are believed to provide equal opportunities for participation to
minorities. To examine whether they alleviated inequities, we observed students’
participation in 17 project teams over 14 months. We analyzed each student’s participation
time and roles using machine-learning algorithms for voice recognition and role
classification. These objective measures were complemented by self-reported responses of
perceived contributions from 34 surveys. Our results indicate that females and racial
minorities were affected heterogeneously. Females participated equally initially, but their
participation decreased as the new modality settled. Contrarily, racial minorities were
negatively affected, but these negative impacts decreased over time. Even so, females were
perceived to contribute to teamwork as much as, while racial minorities were less than,
their majority counterparts. These results align with the social affordance theory in that
online modalities offer technical affordances for increasing equity, but, as the expectation

states theory postulates, perceptions are yet to catch up.
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Introduction

Background and Significance

While the COVID-19 pandemic imposed an abrupt transition to online modalities for student
project teams, extant research has yet to explicate how collaborative work has changed group
dynamics for team members, including those with diverse backgrounds. This dearth of research
is primarily attributed to the absence of intelligent tools for unobtrusively collecting participation
data (e.g., speech). Due to this challenge, many extant studies have relied solely on self-reported
measures (Alharbi et al., 2021; Kaptelinin et al., 2021; Karl et al., 2021; Bayhan et al., 2022;
Standaert and Thunus, 2022), which interferes with the fair observations of individuals from
historically marginalized groups when used unaccompanied by objective measures. Furthermore,
extant studies have examined a small number of teams in only one discipline, thus hindering the
generalization of findings to diverse collaborations in various areas. Similarly, extant studies
have observed group dynamics in a short period, often ranging from weeks to a month or two,
which is insufficient to capture the changes in group dynamics over time. Consequently, these
barriers have impeded obtaining generalizable scientific knowledge in this opportune time (i.e.,
the global pandemic and the accompanied transition to online) to expand theories on the effects
of modality on team dynamics.

We have employed several novel approaches to alleviate these methodological issues and
thus to make contributions to advancing theories relevant to human-computer interaction (HCI).
First, we conducted a longitudinal study of student project work over the 14 months from March
2020 to April 2021, covering the onset, peaks, and troughs of changes due to COVID-19.
Second, we collected data from multiple teams across disciplines—i.e., 17 undergraduate and

graduate student project teams in social sciences and STEM majors. Third, we measured both



objective participation behaviors and subjective/perceived contributions. To do so, we analyzed
video/audio recordings of meetings using a machine-learning pipeline that consists of (i) speech
diarization, speaker recognition, and transcription and (ii) classification of roles team members
played in group work. To compare the objective participation behaviors to peers’ perceived
contributions, we conducted two surveys for every project team each of the four semesters—
which amounts to 34 surveys in total. These expansive methodologies enabled us to examine
whether the abrupt changes to online modalities have altered students’ objective participation
and subjective perceptions about their contributions to teamwork.

In so doing, we contribute to knowledge advancement in the field of HCI. Although a
few extant studies on modality changes and teamwork have advocated the social affordances of
video-conferencing tools designed to facilitate collaboration among team members (potentially
those from underprivileged groups), it is unclear whether these technology affordances can
overcome the existing inequity in teamwork. To answer this question, we employ a social
psychological theory of expectation states that illuminates how one’s expectations about group
members affect their perceptions of group members. In other words, we use the expectation
states theory to show how implicit beliefs surrounding immutable characteristics like gender and
race impede the realization of the social affordances of synchronous video conferencing tools. As
a result, this study demonstrates how technology interacts with social dynamics, thereby setting
its boundary conditions of the technology affordance theory.

Eventually, this research illustrates how future researchers can utilize machine learning
methods to automate the diagnoses of problems in project teams (Mikolov, 2013), which will be
translated into groundwork to support diverse groups of individuals to work in complex social

systems (Cross et al., 2010; Bayhan et al., 2022; Karl et al., 2022) and to create a more inclusive



environment to reduce inequities (Wu et al., 2022; Bagmar et al., 2022, Do et al., 2022, Kim et

al., 2021).

Literature Review and Gap in the Literature

Pre-pandemic Comparison Between Meeting Modalities and Inequities in Participation

Prior to the transformation of work and school to online modalities due to the COVID-19
pandemic, most HCI literature focused on online meetings in comparison to offline meetings and
what the benefits and costs were between the two modalities. Settings for these comparisons
include collaboration via online and technology-enabled meetings in education (Kinnula et al.,
2018; Willermark and Pareto, 2020), healthcare (Islind et al., 2019; Constantinides, 2011), and
co-authored writing (Larsen-Ledet and Korsgarrd, 2019). In educational collaboration, positive
affordances of online meetings were identified: Participants communicate, share resources,
engage in productive collaborative learning processes, monitor and regulate collaborative
learning, and find and build groups and communities (Jeong and Hmelo-Silver, 2016).
However, other studies found that online meetings maintain the gender inequality found
during in-person meetings. Dhawan et al. (2021) discussed gender inequity in in-person
meetings, and hypothesized that many of those gender inequities were likely to transition into
digital meetings, and suggested some video-conferencing behavioral etiquette to reduce this
inequity. Other studies have found similar inequities both in-person and online for both racial
and LGBTQ-identified minorities (Houtti et al., 2022). Likewise, during online meetings, there
are significant mismatches in native English speakers’ attributions of non-native speakers’
behaviors, but no considerable mismatch exists in non-native speakers’ attributions of native

speakers' behaviors (He et al., 2017). Similarly, while team diversity is known to facilitate



creativity (Ye and Robert Jr, 2017), intercultural conflict is found in global virtual teams and is
shown to affect communication and project results negatively (He et al., 2017). Also, language
and cultural barriers negatively affect minorities in terms of their ability to participate in

communication and group tasks (He et al., 2017a, 2017b).

Pandemic Comparison between Meeting Modalities and Inequities in Participation

During the pandemic, a focus of many different disciplines’ scholarship focused on how the
transition to an online learning paradigm affects students’ participation in learning processes and,
thus, outcomes (Shu et al., 2023; Chen et al., 2021; Chen et al., 2021; Ravi et al., 2021; Lacy et
al., 2022; Manshaei et al., 2022; Gui et al., 2022). Mixed results have been reported. Some
studies have shown sustained disadvantages of online meetings in higher education compared to
offline, co-located meetings (Kisworo et al. 2022). For instance, online meetings did not
effectively support hands-on activities (Labrie et al., 2022) and the experience of “we-ness”
(Kaptelinin et al., 2021) because online meetings made it harder to engage in private chats (Guo
et al., 2022). In addition, the lack of structure in private chats is not conducive to reaching a
consensus (Kim et al., 2021). A related study found that using text-based applications (e.g.,
Slack) for distributed teams decreases the ability to perceive, understand, and regulate emotions
between team members (Benke et al., 2021).

Other studies (such as Houltti et al. 2022), contrarily, have maintained that some video-
conferencing tools (e.g., the raise-hand feature) mitigate bias by giving members control over the
meetings, thereby helping reduce adverse psychological outcomes caused by bias for employees.
Finally, Liu et al (2021) investigated self-regulated learning during the pandemic, not necessarily

teamwork but their results indicate that males adopted more behavioral strategies than females to



deal with their disorientation during online learning, but that females were able to adapt better

overall to the change.

Summary of Literature and ldentified Gap

Many pre-pandemic studies found that online meetings had more disadvantages than offline, co-
located conferences and that these disadvantages are often exacerbated for women and racial
minorities. However, during the pandemic, extant studies have shown mixed results for these
same groups. Some reported sustained disadvantages of online meetings, while others have
advocated the benefits of synchronous video conferencing tools, especially in mitigating implicit
biases. In general, very few studies have examined how these changing modalities interact with
gender and race in group work. The above literature summary shows a need to investigate how
the pandemic and its attendant changes in modalities have affected inequities in team

participation.

Theoretical Framework and Hypothesis Development

In our investigations of the modality changes and their attendant inequity in group work, we
resort to two strands of theories—(1) one that advocates the advantages of synchronous video
conferencing tools on teamwork and (2) the other that pinpoints the disadvantages of such tools,
especially for minoritized populations. The former consists of social affordance and social
presence theories illuminating how information/communication technology facilitates
interactions among individuals and members of a team. The latter comprises expectation states
theory and its sub-theory, double standards theory, which sheds light on how implicit bias

interacts with technology affordances.



Both strands of theories focus on the social aspects of group dynamics and have been
used to study communication and group behaviors. We build upon these two strands of theories
that advocate contrasting predictions of how synchronous video conferencing tools facilitate or

hinder group work to solve conflicting and mixed results in the prior work.

Social affordances and presence in online meetings

Social affordances of technology refer to the capacity a technology or a medium provides
individuals to create and maintain social interactions. Social affordances of synchronous
videoconferencing technology platforms such as zoom identified in previous research include
temporality, interactivity, multimediality, and portability (Yeshua-Katz et al., 2023). The social
affordance theory, hence, provides theoretical support to the claims that the transition to online
modalities during the pandemic facilitates teamwork, including for those from diverse
backgrounds.

Similar theoretical support can be found in the social presence theory, albeit from a
different angle. Social presence theory posits that different media offer distinct perceptions that
other people are physically present during computer-mediated communication because of
available social cues like eye contact, facial expressions, voice inflection, physical distance, and
posture (Zelkowitz, 2010). These verbal and visual cues help to create and maintain productive
social interactions in a group setting. Applying this theory to online meetings on video
conferencing platforms, one can expect that all the individuals are given the same physical
spaces (as in a window space assigned to each individual in Zoom meetings), and the ability to
adjust the volume of their voices. This equal physical space and control over voice are contrasted
to smaller physical space and lower volumes that some women (in case of physical space) and

some minorities (in terms of volume) may take in-person meetings. In this way, a platform like



Zoom offers users the same opportunity to augment and create a social presence, which in turn
has the potential to create an environment for more equal participation between group members.
Based on these social affordance and presence theories, one can expect that the modality
change to online meetings during the pandemic has given minorities a chance to participate more
and take up more active leadership roles than offline, in-person meetings before the pandemic.
Simultaneously, empirical findings have not yet shown whether the potentially increased
participation by minorities due to the facilitated social affordances and presence is sufficient to
compensate for the pre-existing gap between them and majorities. As noted in the literature
review section, Houtti et al. (2022) have maintained that some video-conferencing tools mitigate
bias by giving members control over the meetings, as the social affordance theory has suggested.
However, Houtti et al.’s (2022) study involved semi-structured interviews with only 22
individuals and hence cannot be generalized. Moreover, no empirical data shows whether the
positive effects of social affordances/presence on minority participation are sustained throughout
the pandemic or change as online meeting becomes a norm for project teams in a later part of the
pandemic. Given this lack of empirical support, despite a plausible claim built on social
affordances/presence theories supporting the positive effects of video conferencing tools on the
equity in group work, we propose null hypotheses comparing minority members (women and

racial minorities) and majority counterparts (men and non-Hispanic whites):

H1.1 There will be no difference in objective participation levels between female and
male students. There will be no difference in objective participation during the
transition to online meetings.

H1.2 There will be no difference in students’ roles between female and male students.

There will be no difference in roles during the transition to online meetings.



H2.1 There will be no difference in objective participation between majority and
minority racial groups. There will be no difference in objective participation during
the transition to online meetings.

H2.2 There will be no difference in students’ roles (giving or asking for information)
between majority and minority racial groups. There will be no difference in roles

during the transition to online meetings.

Expectation states theory and double standards theory

Another network of theories states that group dynamics are shaped by social forces outside the
communication modality and technology (moving from in-person to online). This outside set of
social forces can be explained by two theories found in the social psychology literature:
expectation states theory and its sub-theory, double standard theory.

Expectation states theory offers a plausible explanation of why this equal participation
might not occur despite the social affordances provided and the presence created by synchronous
video conferencing tools. Expectation states theory would posit that deeply and implicitly held
expectations based upon beliefs about gender roles or stereotyping based upon race are deep-
seated enough that this social psychological environment might overcome the advantages of
synchronous video conferencing.

According to the expectation states theory, actors draw information from their social and
cultural environment and then organize that information into expectations that dictate their
interaction with others (Correll & Ridgeway, 2003). In expectation states research, the pressure
for a team to reach a collective goal causes team members to forecast each member’s future

levels of contribution compared to other team members to decide how to complete a given task.
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Expectation states theory historically has primarily been applied to gender and has invoked both
positive as well as negative stereotypes or expectations.

A case of positive expectations occurs when team members think that one of the team
members will perform a task better than others. In this case, the team will defer to this member
who is perceived to be superior and will give that person more chances to participate and
influence the group. The group anticipation of who will be the most competent is often driven by
unconscious or implicit beliefs, which are split-second judgments about future contributions. As
such, this positive stereotype explains why some majority, or high-status, group members seem
to possess advantages over low-status group members, such as increased speaking time,
automatic attention and validation to their ideas, and a perception that they are more influential
than other lower-status group members.

In sum, the expectation states theory suggests a possibility that women are less favorably
perceived than men in terms of the extent of contributions to group work. Simultaneously, the
contributions of women who play the expected roles of supporters may still be perceived
positively as those of men since the roles that those women play meet the other member's
expectations. Again, there is no empirical study that examines how other members perceive
women members compared to men counterparts during the transition to online meetings.

A case of negative stereotypes is often attendant with racial minorities. Racial minorities
are often not expected to offer the same level of contributions to a group as majority members, so
even when they do make equal contributions, others expect that they will not, leading to negative
perceptions from teammates. The unique barriers facing students who identify as part of a racial
minority can be further explained by a sub-theory of expectation states theory, double standard

theory.
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The double standard theory posits that lower-status members are given less of a chance to
participate from the onset of group work and that when lower-status members are participating,
they are evaluated more harshly than high-status individuals doing the same work. This results in
reduced recognition for lower-status members by peers lead to a reduction in chances to become
a high-status member. Correll and Ridgeway explained that because of these implicit beliefs
which disadvantage racial minority members of the group that racial minority team members
must contribute more to the group than majority race team members to be perceived as equally
contributing to the group (2003).

As in all of the cases above, there is lack of empirical support to this double standard
theory’s utilities in group work during the transition from online to offline modalities. Given the
lack of empirical support, instead of hypothesizing a directionality of an effect as in positive or

negative, we propose a null hypothesis:

H3.1 There will be no difference in other team members’ perceptions of female
contributions compared to male counterparts’.
H3.2 There will be no difference in other team members’ perceptions of racial

minority members’ contributions compared to majority counterparts’.

Materials and Methods

Data Collection

We developed a data collection protocol approved by the Institutional Review Board for Human
Subject Research and collected data from students in courses adopting project team-based
assignments in a large public university during four semesters: Spring 2020, Summer 2020, Fall

2020, and Spring 2021 (over the 14 months from March 2020 to April 2021). The teaching mode
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of these semesters was entirely or partially online, as shown in Table 1. Our team members
recruited participants through voluntary and anonymous participation. Individual and team-
participation based gift cards were utilized to improve the response rate. The sample covers 101
students from 17 teams across seven courses. Table 2 presents summary statistics for different
teams, including the semester, course type, team size, the number of videos and audios recorded,
the average length of these recordings, and the span of the project. Course type captures whether
the group project is a part of a course in economics or human resources and labor relations
(HRLR) (“Social”), a course in computer science or engineering (“Technical”), or a course in
civil engineering that combines Social and Technical dimensions (“Hybrid”).

--- Insert Tables 1 and 2 Here ---

Machine Learning Analytical Pipeline

Prior researchers in HCI have called for machine-learning based speech recognition and speech
diarization as a much-needed approach to investigating team dynamics for over 30 years (e.g.,
Bai et al., 2021; Zhao et al., 2015, Liao et al., 2022; Makhoul et al., 1992; Murviet, 1989). This
call is to improve the accuracy and fluidity of diarization-created transcripts. A machine-learning
automates laborious processes for manual recording, transcribing, and storing large amounts of
unstructured datasets, such as video and audio tapes. That is, an automatic and analytical pipeline
streamlines data flow to improve the speed and quality of data analyses, which is essential for
facilitating a longitudinal study that involves multiple teams. As a result, a pipeline can aid in the
early detection of team communication problems before the problems evolve into more
significant issues detrimental to team functions (Arum and Roska, 2011). Indeed, Jagganath et al.
(2018) validated this approach in a trauma-care unit in the healthcare setting. They used speech

transcription and diarization to investigate the communication patterns between healthcare
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providers when deciding to resuscitate a patient. In addition, a pipeline allows for unobtrusive
data collection, overcoming the well-known limitations of perceived measures for individual
contributions to a team. Objective measures for participation eliminate subjectivity, implicit bias,
and stereotypes among researchers and participants. Moreover, objectively measured
participation can then be compared to subjective contributions collected through self-reported
surveys, facilitating the discovery of implicit biases and stereotypes in teamwork.

Despite historically pressing needs and empirical validation in the healthcare setting, few
studies have implemented and used machine-learning-based speech recognition and speech

diarization to examine teamwork involving gender and racial minorities.

Speech Diarization, Speaker Recognition, and Transcription

To respond to this demand, we employed a machine learning pipeline to transform upstream
original video and audio files to downstream intuitive tabulated data as described in the next
section. Specifically, our machine-learning pipeline components include speech diarization,
speaker recognition, transcription, and classification of participation (giving information, asking
for information, and others).

The speech diarization component splits audio signals based on speaker identity. It first
partitions the audio into small segments, each of which ideally contains a variable-length
utterance from a unique speaker. Then, by comparing the audio signals in each segment, the
module determines the number of speakers in a conversation and judges which speaker each
segment belongs to. To perform this step, we applied a deep-learning-based speaker diarization
model released in the Kaldi speech recognition toolkit (Povey et al., 2011). The model first
encodes utterances to fixed-dimensional embeddings called “x-vectors” (Snyder et al., 2018),

then performs agglomerative hierarchical clustering on x-vectors to produce an initial diarization
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output. Finally, a variational Bayes Hidden Markov model is applied over x-vectors to improve
the diarization results. In our implementation, we use the pre-trained model from the Kaldi
project (2021) and run it in ONNXRuntime (ONNXRuntime, 2021).

Following the speech diarization, the speech recognition component transcribes speakers’
utterances in audio into text, which is next passed to the transcription component. The
transcription component consists of three steps: (i) acoustic feature extraction, where an acoustic
model is applied to convert raw audio signals into acoustic features; (ii) word selection, which
chooses candidate words according to the acoustic features from the system’s dictionary; and
(iii) sentence-level matching, where a language model is applied to determine the final words
based on their contexts. In our implementation, we use the pre-trained ASpIRE chain model

(Povey, 2021) from the Kaldi project.

Classification of participants’ roles

Following the transcription component, the classification component of the pipeline groups the
transcribed text from speakers into three categories: giving information (G), asking for
information (A), and others (O). This classification aims to determine whether the primary
purpose of a transcribed text is to give information to others, ask for information from others, or
neither (called “others™), to help us understand members’ roles in project teams. This
categorization has been used in prior studies that examined how members exchange information
and collaborate to obtain a shared goal (Liang et al., 2017). GAO is an instrumental indicator of
the effectiveness of knowledge-transfer processes, as group members must give information to
others, not only ask for information from others (Argyris and Ransbotham, 2016). If group
members only ask for information without giving information, knowledge transfer within the

group is nonexistent, and accordingly, the group work cannot be sustained (Argyris and
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Ransbotham, 2016). As such, we implemented GAO framework in our classification.

Specifically, we trained a deep-text classifier. Specifically, a 1-layer recurrent neural
network (RNN) with gated recurrent units (GRU) is used as the text classification model. The
size of word embeddings is set as 50, and the hidden size of the RNN is 128. The model is
trained on 932 training instances manually labeled by human coders with a batch size of 64 for
20 epochs. As shown in Table 3, our classifier had an acceptable accuracy of 84.12, F1-macro
of 80.70 and F1-micro for 84.12.

--- Insert Table 3 Here ---

Measure for the objective participation

We measured members’ objective participation in team meetings with the percentage of speaking
time generated by our speech-diarization algorithm as described in the section above. On
average, across the pre-change and new-modality periods, each student speaks 18.71% of the
total meeting duration. The percentage of speaking duration is unaffected by the length of the

meeting, so it is more comparable across different teams than the raw speaking time.

Self-Reported Surveys

Peers’ perception of a member’s contribution to teamwork is measured based on self-reported
survey data. For every project team in each semester, we conducted two surveys—(i) an entry
survey to collect the students’ demographic factors (e.g., gender, race, background) and (ii) a
final survey to evaluate their perceived contributions to project teams. As there were 17 teams
from which we collected data, there were a total of 34 online surveys distributed via e-mail over

14 months.
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Measure for the perceived participation

Students were asked to evaluate their own and their teammates’ contributions to the overall
project. Perceived contribution has three sub-dimensions: proficiency (Kaufman et al., 1999;
Ohland et al., 2012), adaptivity (Raelin et al., 2011; Mentzer et al., 2017), and proactivity (Raelin
et al., 2011; Mentzer et al., 2017) as shown in Table 4. A measure for each category employs a
4-point Likert scale; a rating of 1 indicates a response of “strongly disagree,” whereas a rating of
4 indicates “strongly agree.” To eliminate the potential bias of self-evaluation, we use the
average evaluation scores from the other team members as an individual’s final score.

--- Insert Table 4 Here ---

The reliability of the 12-item scale was validated as follows. Cronbach’s Alpha for the 12
items of 0.9757, indicating that the items have high internal consistency. A principal component
analysis suggested that the scale was unidimensional. The results from our principal component
analysis show that the first component has an eigenvalue of 9.72 which is much higher than the
second eigenvalue (0.79). The first component explains 81% of the total variance. These

analyses indicate that the scale is reliable and unidimensional.

Results

Descriptive Statistics and Model Specifications

Before testing the hypotheses, we visually examined objective participation behaviors across
genders (females and males) and races (minorities vs. majority) in two periods: (1) pre-change
(i.e., Time 1 from Spring 2020 to Summer 2020 semesters) and (2) new modality (i.e., Time 2
from Fall 2020 to Spring 2021). Recall that we operationalized participation type as speaking in

general (pdur), giving (givepdur), and asking for information (askpdur), and measured them
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using the machine-learning pipeline. Figures 1 and 2 show three types of participation by gender
and race in two periods. As shown in Figure 1, gender appears to interact with the period such
that the gap between females and males reversed from pre-change (Time 1) to the new modality
(Time 2). Similarly, Figure 2 shows the gap between minority and majority students decreased
drastically in Time 2 compared to Time 1, suggesting a potential interaction between minority
statuses and modality change.

--- Insert Figures 1 and 2 Here ---

Given these likely interactions, we built two linear regression models—i.e., one for
testing the main effects only (Model 1) and the second for accounting for interaction effects
(Model 2). We also chose the ordinary least squares technique (OLS) for estimation because
OLS regressions allow for controlling factors that may affect outcome variables, such as team
size in our study (Cohen et al., 2013). Our two models, therefore, demonstrate how the modality
change interacted with students’ gender and minority statuses over time, exerting heterogeneous
influences on their objective participation (pdur in H1; givepdur and askpdur in H2) and
perceived contributions (H3).

Our first regression model (i.e., Model 1) focuses on the main effects as follows:
yi = fo + f1 * new-modality + 52 * female + 3 * minority + 4 * size + € (@))

Our second regression model (i.e., Model 2) includes the interaction terms between the

new modality and gender and minority statuses.

yi = fo + 1 * new-modality + 82 * female + 3 * new-modality * female + S4 * minority + s *

new-modality * minority + Be * size + €; 2

Detailed descriptions and summary statistics of the data can be found in Table 5. The

primary independent variable of interest is the change in the meeting modality (henceforth, “new
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modality”). The first interaction term, new-modality*female, indicates the change in gender gap
(defined as female participation minus male participation) in the new-modality period (Time 2)
compared with the pre-change period (Time 2). Likewise, the second interaction term, new-
modality * minority, indicates the change of racial gap (defined as minority students’
participation minus majority students’ participation) in the new modality period (Time 1)
compared with the pre-change period (Time 2).

--- Insert Table 5 Here ---

Hypothesis Testing Results

Hypothesis 1 states that there is no difference between male and female students regarding their
objective speech time (pdur) and roles (givepdur and askpdur), obtained by our machine-
learning analytical pipeline. Table 6 below presents the results of two regression models per
each outcome variable.

--- Insert Table 6 Here ---

We also conducted the regressions that controlled for course materials (technical and
social) and student level (undergraduate or graduate student), but their estimated coefficients
were significantly less than their reported standard errors. Adding them does not change our
substantive conclusions, so we did not include them in our reported analyses for the parsimony
of our models. For comparison, the regression results that include these three control variables
are shown in Appendix.

The main effects of gender on pdur are shown in column 1 of Table 6. Female status
does not have a significant influence on pdur (g8 = - 2.442, Standard Error [SE] = 2.040, p =
0.232, n.s.). This non-significant result means that the gap between males and females was not

significant; in other words, female students participated as much as male students did. Likewise,
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the interaction effects between the new modality and gender (Model 2) were not significant (5 =
- 6.396, SE = 4.610, p = 0.166, n.s.), suggesting that the change of gender gap from Time 1 to
Time 2 was not statistically significant. Although descriptively the slopes diverged, this could
have occurred by chance alone if, in fact, the lines were parallel.

Figure 3 further illustrates the gender gap regarding pdur between the pre-change and
new-modality periods. Figure 3(a) shows that the gender gap measured in pdur changed from
2.39 percentage points in Time 1 (23.73 (female) vs. 21.34 (male)) to — 4 percentage points in
Time 2 (15.97 (female) vs. 19.97 (male)). These results, along with some signs of interactions
between genders in Figures 1 and 2, suggest a possibility that there was interaction between
gender and new modality, despite the non-significant main and the interaction effects.

--- Insert Figure 3 Here ---

Hence, we compared females and males using our regression Model 1 in Time 2 only
because testing with Model 1 allows us to control for the same control variables in all hypothesis
tests, an option not available in a simple t-test. Our result showed a marginally significant
difference at the .10 level between females and males in Time 2 (8 = - 4.135", SE=2.321,p =
0.076). Accordingly, H1.1 was partially rejected, which means that, although there was no
gender gap of pdur in the pre-change period, the gender gap may have changed as the modality
changed to online, such that female students’ initial participation through speaking decreased
compared to their male counterparts did in the new-modality period.

Hypothesis 1.2 states no differences in roles that females and males played, which were
answered in columns 3 (givepdur) and columns 5 (askpdur) in Table 6, respectively. Model 1s
shows that female status had no influence on either givepdur (8 = -1.859, SE =1.754, p = 0.290,

n.s.) or askpdur (8 =- 0.350, SE = 0.474, p =0.461, n.s). These non-significant results mean
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that the gender gap in terms of giving and asking for information was not significant: in other
words, female students both gave and asked for information as much as their male counterparts
did. Likewise, as shown in model 2s, the interaction effects between new modality and gender on
givepdur (B =-5.248, SE = 3.858, p = 0.174, n.s) and askpdur (8 =-1.423, SE=.924,p =
0.122, n.s) were not significant.

Figures 3(b) and 3(c) show a possibility that, as the modality changed, female students’
role as information-givers declined more considerably than their roles as information-askers, as
indicated by the steeper slope in Figure 3(b) than that in Figure 3(c). Given these signs of
interaction effects in Figures 3(b) and 3(c), despite non-significant main and interaction effects,
we compared females’ and males’ roles using our regression Model 1, as we did for Hypothesis
1.1. Our results once again showed non-significant differences in terms of roles that females and
males played in Time 2 (givepdur: g = - 3.298, SE = 2.018, p = 0.103, n.s.; askpdur: g =- 0.710,
Standard Error [SE] = 0.585, p = 0.226, n.s.). Accordingly, H1.2, which states no difference in
roles played between females and males, was supported.

Hypotheses 2 states there is no difference in pdur, givepdur, or askpdur between
minorities and majorities. Column 1 in Table 6 indicates that the racial gap in terms of pdur was
marginally significant at the significance level of .10 (g = 3.591*, SE = 2.014, p = 0.075).
Likewise, the interaction effects between the new modality and race on pdur was significant
(B =9.070, SE = 4.486, p = 0.044*), which shows that the racial gap changed significantly as
the modality changed to online such that minority students’ participation increased more than
majority students’ participation increase in the new modality period. Figure 4(a) provides
graphic support for this finding. Therefore, we proceeded with a comparison test using our

regression Model 1, as we did for Hypotheses 1. Our results confirmed no significant racial
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difference in pdur in Time 2 (8 = - 1.637, SE = 2.292, p = 0.476, n.s.). Accordingly, our H2.1
was rejected. There was a significant gap in pdur in the pre-change period, but the racial gap was
almost closed as the meeting modality changed to online such that minority students’ pdur
increased while majority students' pdur did not increase at the same pace.

--- Insert Figure 4 Here ---

Next, we tested H2.2 regarding the differences in givepdur and askpdur between minority
and majority students. As shown in Model 1s in columns 3 and 5, minority had no main effects
on givepdur (B =-2.598, SE = 1.695, p = 0.126, n.s.), but has a marginally significant negative
effect on askpdur at the level of .10 (B = - 0.850*, SE =0.511, p = 0.097). This result means that
minority students gave as much information as majority students but asked for information less
than majority students did. The interaction effects between new modality and minority (Model 2s
in columns 4 and 6) were marginally significant on givepdur (8 = 6.962+, SE = 3.766, p = 0.065)
and on askpdur (§ = 1.494+, SE = .859, p = 0.083). These results mean that the racial gap in
terms of givepdur and askpdur changed significantly as the new modality set in, such that the
gap in giving (albeit its statistically non-significant main effect) and asking for information
closed substantially.

Figures 4(b) and 4(c) further illustrate the racial gap change between pre-change and
new-modality period. As such, we compared the racial differences regarding their roles as giving
and asking for information in Time 2, using our regression Model 1. Our results confirmed that
there was no racial difference in terms of roles that minority and majority students played in
Time 2 (givepdur: § = - 1.195, SE = 1.942, p = 0.539, n.s.; askpdur: g = - 0.505, SE = 0.640, p =

0.43, n.s.). Accordingly, H2.2, stating no difference in majority and minority students’ roles, was
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partially rejected such that the racial gap in giving and asking for information decreased
substantially as the modality changed.

Finally, we tested our H3, which concerns the differences in perceived contributions
between female and male students. As explained in Table 4, Perceived Contributions to Teams,
in the section, Self-Reported Surveys, the outcome variable in Equation (2) is the perceived
contribution score of an individual team member obtained from our surveys. As noted in that
section, this measure reached an acceptable level of reliability. Table 7 shows the results of our
two regression models.

--- Insert Table 7 Here ---

Column 1 in Table 7 shows that the main effects of female on perceived contributions
were not significant (8 = 0.0415, SE = 0.085, p = 0.626, n.s.). This result means that female
students were perceived to make equal contributions to those of their male counterparts. The
interaction effects between the new modality and female (Column 2 in Table 7) were also not
significant (§ = .137, SE =.179, p = 0.446, n.s.), which means that the gender gap did not
change significantly in Time 2 compared with Time 1 but rather remained constant. As visibly
apparent in Figure 5, the gender differences in perceived contributions were nominal. To
confirm these non-significant main and interaction effects, we compared the difference in
perceived contribution between females and males, using our regression Model 1. Our test result
confirmed no difference between the two genders (8 = 0.058, SE = 0.114, p = 0.613, n.s.).
Therefore, H3.1, stating no gender differences in perceived contribution, was supported.

--- Insert Figure 5 Here ---
Finally, we tested H3.2, which states no difference in perceived contributions between

minority and majority. As shown in Model 1, the main effects of minority had a significantly
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negative influence on perceived contributions (f = -0.292, SE = 0.511, p = 0.015%*). As shown in
Model 2, the interaction effects between the new modality and minority were not significant (8 =
0.000421, SE = 0.239, p = 0.999, n.s.). These significant main effects and non-significant
interaction effects indicate that the racial gap in terms of perceived contributions persisted
regardless of the modality change. Figure 6 further shows the racial gap between the pre-change
and new-modality periods: The racial gap in perceived contributions appears consistent in both
periods. As such, we compared the difference between the majority and minority regarding
perceived contribution using our regression Model 1 in Time 2. The results confirmed a
marginally significant racial difference at the .10 level in Time 2 (f = - 0.317*, SE = 0.167, p =
0.063). Hence, our hypothesis 3.2, which states no racial difference in perceived contribution,
was rejected such that minorities were perceived as making fewer contributions than their
majority counterparts were throughout time.

--- Insert Figure 6 Here ---

Robustness check for all research questions

Even though we attempt to control the factors that could affect pdur across teams (e.g. team size,
class type), team size may still pose a systematic effect on participation. To address this concern,
we construct two normalized versions of pdur and repeat our analyses. The measure pdurl is

normalized by the entire sample, as shown:

__ pdur — mean(pdur)
pdur; = sd(pdur) @)
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The measure pdur2 considers that group size is, by construction, inversely related to the
average speaking time in percentage terms. We subtract the group mean from pdur (100/team

size) and divide the normalized standard deviation from the team mean:

(pdur —100 /team size) (4)

pdur, =

sd (pdur within team within meeting)

We did not observe any noticeable differences in regression results compared with the
main results presented above, illustrating that our findings are robust to alternative participation

measures. The detailed robustness results can be found in Appendix.

Discussion

Summary of the Findings

From a unique dataset collected at a large public university from March 2020 to April 2021, we
examine how the COVID-19 pandemic and its imposed transition to online meetings have
affected students’ participation in project teams. In this analysis, we divide the dataset into two
periods: the pre-change period in which the initial transition to online meetings occurred (Spring
2020 and Summer 2020), and the new-modality period in which students had acclimated to
online meetings during the Fall 2020 and Spring 2021 semesters. Our results indicate that female
and minority students were affected by the transition to online meetings due to the COVID-19
pandemic. However, these groups were not affected in the same way. For female students, no
significant differences existed between female and male students in terms of the roles they
played or the way they were perceived. However, there is still some sign of gender inequality
because female speaking time reduced over time. However, critically, they were still perceived

by their peers to be making the same amount of contributions as their male counterparts. So, the
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change of modality did not seem to affect female versus male student participation beyond this
decrease in speaking time. In the case of racial minority students, there was time and role gaps
between them and their white peers during the pre-change period. Initially, minority students
participated less compared to white peers. However, after new modality settled in, minority
students closed the gap in objective participation with their white peers, but, critically, were
perceived by their peers to be making less of a contribution. So, the modality change, overall,
seemed to have a mild equalizing effect in objective participation for disadvantaged groups, but

there was still evidence of both gender and racial inequity.

Theoretical Contributions

Overall, the results from this study seem to support the social affordances of technology
and social presence theories because a lack of significant objective participation gaps for both
female and racial minority students greater equity after the change to a synchronous online
modality. These theories posit that the advancement of videoconferencing technology and the
affordances that are gained by synchronous online meetings due to the use of a platform like
Zoom allow for more equity within groupwork. This supports the continued use of offline,
synchronous video meetings as a viable alternative to offline, collocated meetings for diverse
groups.

Simultaneously, our findings indicate the discrepancy between the objective participation
behaviors and the perceived contributions for racial minority students. This gap between actual
and perceived contribution gives credence to the double standard theory and expectation states
theory. The results indicate the lack of inequity in actual contributions in online meetings was
not able to overcome barriers faced due to pre-existing social bias for perceived contributions.

The misalignment of objective participation and subjective evaluation (in the form of perceived
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contributions) can be explained by expectation states theory. Correll and Ridgeway (2006)
ascertain that when lower status members, those from racial minorities, do participate, their
performances are evaluated by a stricter standard, and their participation is perceived to be less
than their majority peers. As such, both of our results—i.e., non-significant main effects of
gender and race yet the disparity between objective and subjective measures of participation for
racial minority students—help set the boundary conditions for the social affordances and
presence theories. That is, technology affordances to facilitate social interactions are overcome

by the existing stereotype against racial minorities.

Practical Implications

The discrepancy between objective and subjective measures of participation shows how
difficult it is for competent performances by lower status members to be noticed as such, which
further reduces their ability to achieve high status in the group. This raises the concern about
equality during evaluation and promotes objective measures as an alternative way to conduct
evaluation of participation level in teamwork. We also demonstrate the promise of the machine-
learning pipeline to generate speaker diarization for analyzing team members’ participation. The
generated G/A/O information classification enables early detection of member roles and thus
identifications of potential communication problems and inequity in participation. The machine-
learning pipeline also has allowed for unobtrusive data collection on participation levels and
allowed this study to examine questions of race and gender with data less tinged by implicit bias
thus improving the study’s ability to diagnose problems and perhaps increase equity in diverse
teams. Our multi-method approach combining these machine-generated results with survey
results can construct progress loops for teams and detect issues in team coordination and

communication.
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Limitations and Suggestions for Future Research

As with any research, there are some potential limitations to this study which can be
addressed in future research. Future researchers may consider recruiting more underrepresented
minorities to be able to have more analyses about individual racial minority populations that are
sufficiently powered since we are aware of the important cultural differences and perceptions of
different racial minority populations. Specifically, future studies should include more
demographic information pertaining to participants' home life, level of income, and technology
access, as these data points could illuminate whether racialized gaps in income and technology
access affected participation level. If true, these findings might indicate that future solutions
should continue to be sensitive to the diversity of historically marginalized populations and
should integrate the idea that a multitude of interventions might be necessary to increase equity
amongst culturally distinct subpopulations. Given our results showing some inequity in
participation and definite inequity in perceived contributions, future research may examine and
develop a set of interventions, which include (i) team meetings to set milestones at the beginning
of the project, and (ii) individual-level nudges to improve individual—and ultimately team—
performance, among others. These milestones and nudges can depend on demographics and

other performance-related characteristics.

Conclusion

In this study, we evidenced how changing modalities from March 2020 until April 2021 affected
both female and minority student participation in project teams using the observations obtained
from a machine-learning pipeline and self-reported perceptions. This paper contributes to the

expansion of social affordance and presence theories by setting the boundary conditions for
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equalizing effects of online modalities. The results show that researchers must avoid the uniform
understanding of inequities among various subpopulations of historically marginalized groups
and instead consider the intersections between these subpopulations and other socioeconomic

factors as postulated by expectation states and double standard theories.
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Appendix

Appendix 1: Robustness check using alternative measures of participation

The measure pdurl is normalized by the entire sample, which transforms the distribution of pdur

to resemble a standard normal distribution:

__ pdur —mean(pdur)
pdury = sd(pdur) (5)

The measure pdur2 considers that group size has an inevitable influence on the value of
speak time percent. It thus subtracts the group mean from pdur (100/team size) and divides the

normalized standard deviation from the team mean:

(pdur —100 /team size) (6)
sd (pdur within team within meeting)’

pdur, =

Table Al: Examine the gender and racial participation gap using alternative measures of

participation

Model 1 Model 2 Model 1 Model 2
pdurl pdurl pdur2 pdur2
New-modality=1 -0.134 -0.266 -0.104 -0.159
(0.177) (0.247) (0.152) (0.238)
Female=1 -0.122 0.120 -0.0755 0.128
(0.102) (0.202) (0.0909) (0.183)
Minority=1 -0.179* -0.522™ -0.200" -0.424"
(0.100) (0.190) (0.0962) (0.181)
Size -0.183™ -0.197™ -0.0345 -0.0423
(0.0538) (0.0557) (0.0480) (0.0508)
New-modality=1 * -0.319 -0.270
female=1 (0.230) (0.207)
New-modality=1 * 0.452" 0.295
minority=1 (0.224) (0.206)
Constant 1.267" 1.471" 0.395 0.499
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(0.436) (0.490) (0.384) (0.458)

Observations 433 433 433 433
Adjusted R? 0.041 0.049 0.004 0.007

Note: Coefficients from OLS are shown in each cell, and robust standard errors are shown in the
parentheses. In some cases, conventional standard errors were larger. + p< 0.1, * p < 0.05, ** p <
0.01, *** p < 0.001.

Appendix 2: Estimation results when having more control variables

Table A2 displays the regression results when adding course materials (technical and social) and
student level (undergraduate or graduate student) variables. We excluded them from the main
specification for two reasons: firstly, their estimated coefficients are significantly less than their

standard errors; secondly, adding them does not make noticeable changes to other coefficients.

Table A5: Regression Results on Objective Participation Behaviors when adding more control

variables
Model 1 Model 2 Model 1 Model 2 Model 1 Model 2
Percent of Percent of Percent of Percent of Percent of Percent of
speaking time speaking time giving  time giving  time asking  time asking
duration time information  information for for
(pdur) duration (givepdur) (givepdur) information  information
(pdur) (askpdur) (askpdur)
New- -0.436 -2.775 -0.392 -1.921 0.515 0.376
modality=1 (5.619) (6.139) (4.634) (5.006) (1.074) (1.029)
Female=1 -2.956 2.566 -2.408 2.161 -0.299 0.826
(2.505) (4.207) (2.118) (3.456) (0.526) (0.776)
Minority=1 -3.767F -9.966™ -2.702 -7.451" -0.954* -1.902™
(2.077) (3.757) (1.749) (3.090) (0.505) (0.655)
Size -2.662 -3.307° -2.239 -2.716" -0.256 -0.340
(2.013) (1.921) (1.670) (1.593) (0.398) (0.364)
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Technical 1.842

(4.534)
Social 3.119
(6.995)
Undergraduate -1.272
(2.738)
(new-
modality=1) *
(female=1)
(new-
modality=1) *
(minority=1)
Constant 34.62
(21.66)
Observations 433
Adjusted R2 0.037

Note: Coefficients from OLS are shown in each cell, and robust standard errors are shown in the

parentheses. In some cases, conventional standard errors were larger. + p< 0.1, * p < 0.05, ** p <

0.01, *** p < 0.001.

-1514
(4.333)
0.852
(6.501)
-2.084
(2.725)
-8.775*
(5.110)

9.003"
(4.341)

44.32"
(20.40)
433
0.045

1.217
(3.840)
2.070
(5.891)
-1.357
(2.334)

29.29
(17.94)
433
0.033

-1.499
(3.680)
0.314
(5.459)
-2.015
(2.344)
-7.264*
(4.275)

6.935°
(3.607)

36.56"
(16.78)
433
0.040

0.815
(0.906)
1.215
(1.340)
0.0392
(0.532)

3.236
(4.220)
433
0.016

0.181
(0.924)
0.852
(1.273)
-0.115
(0.512)
-1.791*
(1.065)

1.407*
(0.844)

4.586
(3.839)

433
0.020
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Pre-change

period

New-modality

period

Table 1: The University’s course modality policies

January 2020 to May 2020
Spring 2020
On March 11, 2020, the university switched all classes to online meetings.

May 2020 to August 2020
Summer 2020
All classes were online.

August 2020 to December 2020
Fall 2020
All classes were online (announced before the beginning of Fall semester).

) January 2021 to May 2021
Spring 2021 ] ) ] ]
Most classes were online, with some in-person classes (not in our sample).
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Semester

2020 spring
2020 spring
2020 spring
2020 spring
2020 summer
2020 fall
2020 fall
2020 fall
2020 fall
2020 fall
2020 fall
2020 fall
2020 fall
2020 fall
2020 fall
2021 spring
2021 spring
Total

Team
ID

< — I m O O X

-4 o W O v O zZ2 Z rr X

[E=Y
~

Table 2: Summary of project teams

Course

type

Social
Social
Social
Technical
Hybrid
Hybrid
Social
Social
Social
Social
Social
Social
Technical
Technical
Technical
Social

Social

Team

size

number of

videos

g w A~ N W

W o NN N W W oW N w5

[00]
-

Average
length
(minutes)
25
33
21
39
46
43
42
53
44
26
29
12
17
37
22
22
23
32

Video and audio

recording date range

03/27/2020-04/24/2020
04/16/2020-04/27/2020
03/27/2020-04/24/2020
04/09/2020-04/20/2020
07/14/2020-08/01/2020
10/02/2020-11/27/2020
11/03/2020-11/19/2020
10/30/2020-11/24/2020
11/03/2020-11/17/2020
10/21/2020-11/20/2020
11/17/2020-11/29/2020
11/18/2020-12/04/2020
11/06/2020-12/11/2020
10/23/2020-11/17/2020
11/03/2020-12/02/2020
03/04/2021-04/07/2021
03/10/2021-03/29/2021
03/27/2020-04/07/2021
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True Labels

Table 3: The Confusion Matrix of Recurrent Neural Network
Predicted Labels

G A
G 119 9
A 2 51
o) 10 3

13

26
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Table 4: Perceived Contributions to Teams
Notation  Description

Proficiency (adopted from Kaufman et al. 1999, Ohland et al. 2012 and Mentzer et al. 2017)

121 Completed his/her tasks with the expected quality

122 Completed his/her tasks to achieve the overall project goals

123 Collaborated with team members from other disciplines to achieve the project goals
124 Provided information to team members from other disciplines when needed

Adaptivity (adopted from Raelin et al. 2011 and Mentzer et al. 2017)

131 Adapted well to changes in the project that altered how he/she completed his/her task
132 Coped with unforeseen demands placed on him/her
133 Understood well how to deal with changes in the project to achieve the project goals

134 Coped with changes to the project that altered how members from different disciplines
collaborated on project goals

Proactivity (adopted from Raelin et al. 2011 and Mentzer et al. 2017)

141 Contributed new, improved ways to develop his/her tasks

4o Initiated changes to the ways in which his/her tasks were done that helped accomplish
project goals

143 Created innovative solutions to improve the project quality

144 Developed alternative solutions to achieve the project goals ahead of time
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ltem

pdur

dur
givepdur
askpdur

new-modality

female

Minority?

size

Table 5: Explanation of the Variables and Summary Statistics

Definition

Percent of speaking time duration
Minutes of speaking time duration
Percent of time giving information
Percent of time asking for information
1 if the new-modality period
0 if the pre-change period
1 if female, O if male
1 if ethnicity is Asian, African American, or
Hispanic; and O if White

Number of the team members

Mean

18.71
591
15.45
2.86
0.73

0.50
0.44

5.64

Standard
Deviations
(SDs)
20.06
8.73
17.03
4.60
0.45

0.50
0.50

1.41

Min

4

Max

99
88
99
33

Notes: The unit of observation is individual member * attended meetings. As we had 101 individual

members, who attended, on average, 4.29 meetings, our sample consists of 433 such pairs (i.e., data

points).

1 To deal with a small sample size for Hispanic and African American students [4 Hispanic students and 5

African American students, out of 95 students total], we used only two categories, namely white and

minority students, where minority students contain all non-white students. While acknowledging the

racial subgroup differences, we opted for the binary grouping to obtain an adequate level of power

for the quantitative analysis.
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Table 6: Regression Results on Objective Participation Behaviors

Model 1 Model 2 Model 1 Model 2 Model 1 Model 2
Percent of Percent of Percent of Percent of Percent of = Percent of
speaking speaking time giving  time giving = time asking time asking
time time information = information for for
duration duration (givepdur) (givepdur)  information information
(pdur) (pdur) (askpdur) (askpdur)
New- -2.681 -5.326 -1.970 -3.834 -0.249 -0.499
modality=1 (3.553) (4.957) (2.882) (4.161) (0.790) (0.889)
Female=1 -2.442 2.398 -1.859 2.108 -0.350 0.729
(2.040) (4.045) (1.754) (3.358) (0.474) (0.717)
Minority=1 -3.591° -10.47 -2.598 -7.880" -0.850" -1.987™
(2.014) (3.804) (1.695) (3.130) (0.511) (0.678)
Size -3.663™" -3.954™ -2.970™ -3.185™ -0.572" -0.611™
(1.079) (1.117) (0.918) (0.966) (0.235) (0.224)
(New- -6.396 -5.248 -1.432
modality=1) * (4.610) (3.858) (0.924)
(female=1)
(New- 9.070" 6.962* 1.494*
modality=1) * (4.486) (3.766) (0.859)
(minority=1)
Constant 44.12™ 48.21™" 3571 38.70™ 6.821"" 7.316™
(8.735) (9.837) (7.317) (8.412) (1.959) (1.889)
Observations 433 433 433 433 433 433
(n)
Adjusted R? 0.041 0.049 0.037 0.043 0.021 0.025

Note: Coefficients from OLS are shown in each cell, and robust standard errors are shown in the
parentheses. In some cases, conventional standard errors were larger. + p< 0.1, * p<0.05, **p<
0.01, *** p < 0.001
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Table 7: Changes in Students’ Perceived Contributions to Team

Model 1 Model 2
Perceived Perceived
contribution contribution
New-modality=1 0.266 0.209
(0.182) (0.158)
Female=1 0.0415 -0.0454
(0.0847) (0.151)
Minority=1 -0.292" -0.294*
(0.118) (0.176)
Size 0.0382 0.0400
(0.0496) (0.0512)
(New-modality=1) * 0.137
(female=1) (0.179)
(New-modality=1) * 0.000421
(minority=1) (0.239)
Constant 3.387" 3.405™
(0.433) (0.407)
Observations 95 95
Adjusted R? 0.115 0.100

Note: Coefficients from OLS are shown in each cell, and robust standard errors are shown in the
parentheses. In some cases, conventional standard errors were larger. + p< 0.1, * p<0.05, **p<
0.01, *** p < 0.001.

50



12 16 20
1 | |

speaking percent duration
8

=

13.24

22.14

pre_change

new_modality
(@)

16 20
| |

giving info percent duration
12
1

18.22

10.79
m -
< -
o
[ T
pre_change new_modality
)
female ® male

12 16 20
| | |

asking info percent duration
8
1

—
/.3'52
174
= -
I I
pre_change new_modality

(c)

Figure 1: Participation of female and male students in pre-change and new-modality periods.

Notes: The values are the raw, unprocessed averages of speaking in general, giving, and asking for

information.
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Figure 2: Participation of majority and minority students in pre-change and new-modality
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Notes: The values are the raw, unprocessed averages of speaking in general, giving, and asking for

information.
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Figure 3: Gender gaps of participation in pre-change and new-modality periods.

Note: The three panels are percentages of speaking duration, giving information, and asking for

information derived from the coefficients in Table 6, not raw time as in Figures 1 and 2.
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Figure 5: Perceived contribution of male and female in pre-change and new-modality periods.

Note: The three panels are percentages of perceived contribution derived from the coefficients in Table 6,

not raw time as in Figures 1 and 2.
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Figure 6: Perceived contribution of majority and minority students in pre-change and new-

modality periods

Note: The three panels are percentages of perceived contribution derived from the coefficients in Table 6,
not raw time as in Figures 1 and 2.
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