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ABSTRACT

Despite the benefits of team diversity, individuals often choose
to work with similar others. Online team formation systems
have the potential to help people assemble diverse teams. Systems can connect people to collaborators outside their networks, and features can quantify and raise the salience of
diversity to users as they search for prospective teammates.
But if we build a feature indicating diversity into the tool, how
will people react to it? Two experiments manipulating the
presence or absence of a “diversity score” feature within a
teammate recommender demonstrate that, when present, individuals avoid collaborators who would increase team diversity
in favor of those who lower team diversity. These results have
important practical implications. Though the increased access
to diverse teammates provided by recommender systems may
benefit diversity, designers are cautioned against creating features that raise the salience of diversity as this information
may undermine diversity.
Author Keywords

diversity; teams; team formation; social recommenders;
mixed-effect logistic regressions
CCS Concepts

•Human-centered computing → Empirical studies in collaborative and social computing; Empirical studies in HCI;
INTRODUCTION

In early December 2018, one of the most prestigious law
firms in the U.S. proudly announced its new partner class on
LinkedIn. The post ignited outrage on social media as people
reacted to the image of the 12 smiling attorneys who made
partner—all of them white, one woman [79]. Though societal
norms advocate diversity and inclusion, hardwired tendencies
create an attraction to people who are similar and familiar
[63, 64, 2]. This poses a challenge to organizations seeking
to leverage the benefits of diversity in teams [34]. Despite
the expanded training and diversity programs in organizations,
workers’ attitudes and behaviors towards diversity are hard to
change [24, 17, 69]. Research across disciplines underscores
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how homophily—the “love of same”—can have unintended
consequences for group compositions, skills, and outcomes
[43, 72, 90].
Can technologies help to increase the formation of diverse
teams? HCI researchers have developed visualizations and interfaces to promote diversity in information-related problems
(e.g., selective exposure, filter-bubbles). These studies show
diverse political opinions to users [67], highlighting different
individuals [33], mitigating intercultural conflict through automated feedback [38], and using different interfaces to provide
more diverse recommendations [85]. Taken together, these
applications illustrate the potential for technology to serve
diversity goals by exposing people to ideas and people they
may not otherwise come in contact with. Can this visibility approach hold the key to forming more diverse teams in
organizational settings by circumventing innate homophily
tendencies? Previous research focuses more on user satisfaction than decision behaviors. Given that self-assembling teams
are proliferating in a myriad of online work environments (e.g.,
startups, open-source projects, hackathons, social movements,
online communities, crowdsourcing projects), it is important
to explore ways in which sociotechnical systems can help individuals choose and work with others who may increase their
group’s diversity [35].
Toward that aim, this paper explores the effect of highlighting
the diversity of potential collaborators on the decisions people
make about whom to work with. We report two studies examining this question. Study 1 is a pre-post intervention study
in an onsite class, with 46 college students in the US. Participants self-assembled into teams to work on a series of projects.
They used an online team formation system to search for and
invite potential collaborators to join teams. A feature was
built into the system that could display a “diversity score” next
to each potential teammate (Figure 1). This score presented
the person running the search query to what extent adding the
prospective teammate would change the diversity of the person
(and, if present, their committed teammates). This feature was
turned off for their first project (“pre” control condition), and
then on, for their second project (“post” treatment condition).
We examined the effects of displaying this information on
team invitation behavior. We discovered that participants were
less likely to choose diverse collaborators when the diversity
score feature was “on” than when it was “off.” In Study 2, we
replicated this study using random assignment to the control
and treatment group. Study 2 was a randomized experiment
conducted with 70 faculty members from a university in Argentina who enrolled in an online class. They used the system
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Control condition

Treatment condition

Figure 1. Experimental manipulation. On the left, the control condition where no diversity is information displayed. On the right, the treatment
condition where diversity information is displayed.

to form teams to work on technology applications. Faculty
members were randomly assigned to conditions, with approximately half using a version of the team formation system with
the diversity score feature turned on, and the other half using
a version with the diversity score feature turned off. Study
2 replicates the main finding of Study 1: Participants in the
treatment condition were less likely than those in the control
condition to invite collaborators who would raise the diversity
of their team. These findings suggest that when systems provide information about individuals’ differences, they are less
likely to work with those who are different from them.
This paper makes two contributions. First, it extends insights
about diversity in organizations. Displaying diversity information and increasing their perception of dissimilarity negatively
affects teammate selection in terms of diversity. Second, it provides new insights on how system interfaces signaling users’
perceived diversity during team formation processes influence
their choices to work with others. We conclude this paper with
theoretical and design implications for future team formation
systems to promote diversity considering users’ variation and
willingness to work with others who are different from them.
LITERATURE REVIEW

We situate our work in the context of prior studies of diversity
across the HCI and organizational behavior literature.
Diversity

Diversity is an important topic in several disciplines, including
management, biology, psychology, sociology, and information
sciences. Most definitions agree that diversity refers to salient
differences among individuals. For example, van Knippenberg
and Schippers [90] defined diversity as the “differences between individuals on any attribute that may lead to the perception that another person is different from self.” Individuals can
become aware of their similarities and differences as they face
or interact with others. Harrison and Klein [36] emphasized
that diversity was a group attribute rather than an individual
attribute. They used diversity “to describe the distribution of
differences among the members of a unit with respect to a common attribute.” Harrison et at. [37] defined diversity at two
levels: the surface-level, which includes characteristics that
are overt, immediately observable, and reflected in physical
features; and the deep-level, which includes non-observable
differences among members, such as attitudes, beliefs, and
values. While age, gender, race, and ethnicity are members’
surface characteristics, experience, skills, religion, tenure, and
status are at the deep-level.
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Three main behavioral theories explain individuals’ awareness
of their differences when they are circumscribed in groups (See
[94] for a review). First, social-categorization theory posits
that individuals categorize themselves and others into groups,
distinguishing between similar in-group members and dissimilar out-group members [83, 86]. Second, similarity/attraction
theory posits that people like and are attracted to others who
are similar, rather than dissimilar [15]. Lastly, the information
decision-making theory proposes that diversity positively influences group processes and group functioning through the
increase of information, skills, ability, and knowledge that
diversity may bring [94, 87]. Overall, literature provides several conceptualizations of diversity, in which their support has
been mixed [43].
Diversity has drawn the attention of several scholars since
it may affect group effectiveness, processes, and outcomes
[62, 43]. Most results are mixed, and even contradictory. On
the one hand, heterogeneous groups can have an outstanding
performance since they combine multiple points of view, backgrounds, and knowledge to solve problems [88]. Burt [13, 14]
found groups with more diverse social networks had access to
more resources than those groups with high redundant social
connections. Wang et al. [93] found that teams with higher
cultural diversity produced more creative results than those
culturally homogeneous. Studying GitHub teams, Vasilescu et
al. [91] found that gender diversity and tenure diversity were
positive and significant predictors of productivity. On the other
hand, literature has shown that diversity faultlines elicit subgroup categorization among members (“us-them” distinction),
which disrupts group processes resulting in communication
problems [53], lack of cohesion [37], coordination issues, and
lack of trust [30]. In response to the mixed results, scholars
have been exploring variables that moderate and/or mediate
the effect of diversity on group processes. For example, Ye and
Robert [99] found that high levels of collectivism facilitated
creativity when participants perceived higher diversity in their
teams, Ren and Yan [70] found that communication processes
moderated positively the effect of diversity on performance,
and Azary et al. [4] found that task conflict moderates the
effect of cognitive diversity on the quality of teams’ outcomes.
FTF vs CMC environments

In contrast to face-to-face (FTF) environments, HCI and
CSCW researchers have explored whether the effects of diversity are similar or not in computer-mediated communication
(CMC) environments. Research has arrived at a consensus
that demographic aspects can be less evident in online envi-
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ronments than offline environments [8, 31]. Carte and Chidambaram [16] proposed that online technologies can reduce
the negative effects of diversity by playing down members’
surface-level characteristics in the early life of a diverse team
whereby participants spend more time communicating and
forming ties based on their deep-level characteristics. However, studies have shown that users can infer surface-level
attributes through communication processes [23] and selfpresentation on online platforms [12, 76]. CHI proceedings
have highlighted the overwhelming use of gender and socioeconomic class to differentiate systems’ users [40, 80].
Studies in online environments including crowd-sourcing
platforms—such as Wikipedia [70, 65, 21, 49] and GitHub [5,
92, 44]—have tested how diversity affects group performance.
For example, Lionel and Romero [74, 72] found that diversity
was beneficial for large crowds with low member retention
rates but not when crowds were small. Chen et al. [21] found
that increasing tenure diversity led to better group outcomes
but that at very high levels of tenure-diversity led to negative
group outcomes.
Displaying diversity information

Studies that explore the consequences of team diversity on processes and outcomes [43, 10, 9] generally take diversity—or
the lack thereof—as a fait accompli. An important open question is: when members have the option to form their teams,
would they be open to choose diverse teammates? Previous
studies on social recommenders suggest diversity is unlikely to
emerge as people’s selections are based on similarity and common social connections [20, 51, 7]. But these studies explore
friendship relationships—rather than work collaborations—
and they do not explore whether highlighting information
about others’ diversity increases the likelihood of forming new
relationships with diverse users.
Displaying information to users has been tested by HCI researchers to stimulate creativity, healthy behaviors, and task
learning [55, 68, 19], but few studies have explored how displaying information about others’ diversity affects users’ behaviors. Most related studies conclude that users who tend to
connect with like-minded others may feel threatened by unfamiliar information, and avoid interacting with others who have
different opinions or qualities [56, 33, 28, 95]. Munson and
Resnick [67] found that showing diverse political opinions did
not make users more accepting of opinions that differed from
their own. Graells-Garrido et al. [33] found that users would
eschew algorithmic recommendations of a system and form
ties with others of similar political views. An et al. [3] found
that users did not value seeing information they were exposed
to that was different from their beliefs. They found that users’
prior beliefs, emotional state, social context were likely to
explain when they were adverse or favorable to unfamiliar information. Notwithstanding the availability of more advanced
visualizations options to find more diverse options, Tsai and
Brusilovsky [85] found that users tended to use the visualization that enabled them to find similar people. Overall, these
studies focus on users’ satisfaction with the recommendations
provided by systems, but not on whether users’ behaviors in
choosing options that are more diverse to them.
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Our work fills this gap by exploring how showing diversity
information can affect users’ behavior at the moment of choosing teammates. Specifically, we hypothesize that displaying
diversity information will induce users to choose others who
are more similar to them, rather than different. Research has
shown that people are likely to choose as teammates those who
are similar to them [41]; and users are likely to choose teammates based on how they self-present on these platforms or
how they perceive their differences based on pictures, names,
common social connections, or descriptions [32, 12, 11, 98].
Additionally, people may have unconscious bias against working with people who are different from them [75]. Choosing
similar others allows people to reduce the uncertainty associated with work with people with different characteristics and
attitudes [34]. By displaying diversity information, users’ differences will become more salient, and those who are averse
to diversity would tend to choose people who are more similar
to them. Therefore, we posit that:
H1: Displaying diversity information negatively affects selecting more diverse teammates.
To test this hypothesis, we conducted two studies examining
how displaying diversity information affects users’ teammate
selection. Study 1 was conducted in an onsite class with 46
students who used a team formation system to assemble into
teams for two projects. We showed them diversity information only when they were assembling teams for the second
project. Study 2 was a field experiment where 70 faculty
members were randomly assigned into two sections (control
and treatment) of an online class requiring them to work on
team projects. While the diversity information was not displayed to participants using the team formation system in the
control group, the diversity information was displayed to participants in the treatment condition. By conducting these two
studies—one carried out in an FTF setting and another in a
CMC setting—we test our hypothesis and demonstrate to what
extent the effects of displaying diversity information on team
formation processes are reliable and consistent.
STUDY 1: PRE-POST INTERVENTION STUDY

This first study examines how presenting diversity information
to users affects their judgment and selection of potential teammates. Participants carried out two team projects in sequence.
For each project, participants decided whom to ask to join
their teams. We call this request to join a team an “invitation.”
To study participants’ invitations, we provided them a team
formation system called MyDreamTeam [22], which enables
users to self-assemble into teams. Participants were able to
ask others to join their teams, and they could accept or decline
the invitation. To test our hypothesis, we compare whether
displaying diversity information affected participants’ teammate selection using a pre-post design: for the first project, the
system calculated a diversity score but did not display it to the
participants; and for the second project, the system calculated
and displayed the diversity information.
Participants

We conducted this study in an undergraduate onsite class at a
university in the US. The course required students to assem-
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ble into teams of approximately seven members. Forty-six
students attended this class, 22 were female and 24 were
male. The mean age was 21.11 (SD=1.23), and 9% of the
students were international. Students participated voluntarily
and provided informed consent. No incentives were provided.
Students had the option of assembling teams without using
the system—in which case the instructor would assign them
randomly into an existing team—and it was explained that
doing so would not affect the grade.
Procedure

In the first team project, participants developed an innovation
strategy for an entrepreneurial start-up company called “Happy
Earth.” The team deliverable was a 10-minute presentation
of their innovation strategy. In the second project, participants played a social dilemma game [50], and then formed
teams to discuss their results and reflect upon their experiences.
Teams presented a 5-minute presentation summarizing their
experiences and analytical reflections.
For each project, the instructor created the team assembly sessions on the system and added participants’ email addresses.
Each participant received an email with the access information. Participants then created profiles on the system, which
included details about their background information. The system allowed participants to display public information in their
profiles, such as their background, hobbies, and motivations.
The system displayed participants’ names, which identified
them to other participants throughout the entire team formation stage. Participants also answered a survey to assess their
personality [25], social networks, project skills, leadership
experience [66], social skills [29], creativity [84], and psychological collectivism [45]. These answers were confidential but
used by the team formation system to generate recommendations of potential teammates.
After completing their profiles and surveys, participants were
prompted to fill out a search query to find potential collaborators using search attributes based on the initial survey questions. The query prompted participants to rate these attributes
on a 7-point Likert scale, ranging from “Not important at all”
(-3), to “Don’t care” (0), and “Yes, for sure” (+3). The search
attributes were based on the initial survey questions. After
the participant established the search criteria, the system generated a rank-sorted list of teammate recommendations that
best matched the participant’s search query. For each recommendation, the system displayed participants’ full name, the
percentage of how well they matched with the participant’s
query (labeled on the system as “fit score”), a link to their
public profile, their current teammates, and an “Invite” button
(see Figures in supplementary materials). If the participant
(sender) decided to invite that potential teammate (recipient),
the system would send an invitation message to that person.
Participants who receive an invitation could accept it, decline
it, or ignore it. If the recipient accepts the invitation, the sender
and the recipient would be in a team. If the recipient or sender
were already part of a team, their teams would merge. The
system only allowed teams to merge if the final team size was
less than or equal to the maximum size (of seven) allowed.
Participants were also able to switch or leave their teams. The
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instructor allowed participants one week to assemble their
teams. All participants assembled teams through the system,
and no information about their diversity was provided outside
of the system.
Measurements
Dependent Variable: Teammate selections

To compare how teams were assembled in both projects, we
use participants’ invitations on the system as the dependent
measure. The system tracked when participants invited a
specific person based on a recommendation result (1=selected,
0=not selected). Since participants typically do not scroll all
the way down the recommendation results, we ran the analysis
by including the top 15, 20, 25, and 30; and the results were
qualitatively the same. We report results based on the top 20
since most of those invited to join teams appeared as a top 20
search result (84.5%).
Independent variables

Diversity score: The system calculates how the diversity of
the participant’s current team will be affected by adding the
potential teammate. Participants can increase (or decrease)
diversity by adding more diverse (or similar) people to their
teams. Based on Harrison and Klein’s diversity typology [36],
we operationalize the diversity contributed by the potential
teammate using the Blau index for categorical attributes. This
is defined as 1 − ∑ p2i , where p is the proportion of team members who fall into a particular category i. A low score means
that all members fall into the same category, and a high score
means that members fall into different categories. For numerical variables, we operationalize the diversity contributed by
the potential teammate using the coefficient of variation. It
is defined as the ratio of the standard
p deviation to the mean
of a variable x, and its formula is ∑(xi − xmean )2 /n/xmean .
A low score means all members have similar levels of the
attribute, and a high score means that members have different
levels of the attribute.
In the study’s initial survey, we assessed the following participants’ characteristics—which are the criteria most frequently
considered by participants when assembling teams—to calculate their teams’ diversity:
• Age diversity: This is computed using the coefficient of
variation of the self-reported ages of team members.
• Gender diversity: In the initial survey, participants selfreported their gender identity as “Male,” “Female,” or
“Other.’ This is computed using the Blau index.
• Cultural diversity: We used nationality as a proxy for cultural diversity [82]. In the initial survey, we asked participants “Which is your country of nationality citizenship?”
and they answered using a list of countries provided by the
system. This metric is calculated using the Blau index.
• Project skills diversity: In the initial survey, participants
self-reported their expertise on six project skills relevant to
the course using a 5-point Likert scale ranging from “Not at
all skilled” to “Extremely skilled.” This is calculated using
the coefficient of variation for each project skills and then
averaged across all six.
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While the first two attributes are surface-level attributes, the
last two attributes are deep-level attributes. Each diversity
metric ranged from 0 to 1 since we normalized them based on
their theoretical maximum.
To test our hypothesis—whether displaying diversity information negatively affects selecting more diverse teammates—we
averaged these diversity metrics to compute a “diversity score”
as a single independent variable for each potential teammate.
This allows us to measure to what extent the potential change
in diversity—measured on a continuous scale—affected participants’ team member selections. The system calculated these
metrics for every recommendation provided to users, whether
or not the user saw this score. The supplementary material
includes the equations for these metrics.
Finally, we conducted a pilot study with ten students from our
university to evaluate interfaces used by the system to display
participants’ diversity information. Based on their feedback,
the system displays this score as a percentage: A score of 0%
means that all the team members are similar, and 100% means
that all team members have different attributes. The system
uses bars to show the participant how his/her current team’s
diversity would be affected by incorporating the potential
teammate. Additionally, the system displays the potential
teammate’s most salient contributors to change participants’
team diversity (Figure 1).
Gender homophily: Although gender was included in the diversity score, we also added gender homophily as an independent
variable (i.e., sending invitations to those of the same gender)
to check whether this effect was above and beyond displaying
diversity information to participants. This dummy variable
indicated “1” if both users had the same gender.
Control variables

To test our hypothesis on the impact of displaying diversity information, we controlled for factors we expect would influence
participants’ decisions to invite others: their prior relations
with others and the rank of others in a list of recommendations
in response to a search query.
Prior relations: In the initial survey, we gave participants a full
list of the people in their class and asked them to identify who
(1) they had previously collaborated with and (2) they have
enjoyed socializing with to measure two social networks (collaboration and friendship). We consolidated each participant’s
responses by assigning a relationship between two participants
if at least one involved participant reported a connection to the
other [52].
Recommendation rank: We used the rank of the recommendation on the results page. The system computed this ordinal
variable from the “fit score,” which is the percentage of how
well they matched with the participant’s query. For example, “1” means that it was the first recommendation provided,
“2” means it was in the second position, and a larger number
indicates that it was listed toward the end.
Manipulation check

To test whether participants paid attention to the diversity
score, we included a manipulation check in a final online
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survey. This voluntary survey was conducted after all team
project work was completed and turned in (52.2% completion
rate). Participants were asked: “Did you notice the diversity
score displayed for each potential teammate?” Overall, 71.4%
of the participants reported seeing the diversity score.
Methodology

To test our hypothesis, we use mixed-effects logistic regression
[1] to predict teammate selection. This method models the
log-odds of a binary outcome as a linear combination of the
predictor variables using both fixed and random effects. We
model senders as random effects—as each participant could
search multiple times—and thus, invitations are nested within
senders. In other words, the senders are the Level-1 unit of
this study. To test whether displaying diversity information
affected teammate selection (H1), we add an interaction effect
between the treatment condition (i.e., whether the system displayed diversity information or not) and the diversity score.
We conducted the analysis hierarchically. First, we begin with
a model that only includes control variables: the recommendation rank and prior relations (Model 1). We then include
the treatment condition variable, the diversity score, and their
interaction terms (Model 2a). To test the effects of gender
homophily, from Model 1 we include the treatment condition
variable, the gender homophily effect, and their interaction
terms (Model 2b). Finally, we test a model with the control
variables, the independent variables, and the interaction terms
(Model 3). Model statistics were compared at each step to
determine if the additional parameters were significant (using
likelihood ratio tests) and improved the overall fit (comparing AIC/BIC). To check goodness-of-fit, we test whether the
model suffers from overdispersion by comparing Pearson’s
residual to the residual degrees of freedom using Pearson’s
chi-squared test. We also check for multicollinearity by calculating the variance inflation factors (VIF) and checked that
the values were less than 10. We use the R package lme4 to
test the proposed models. More details can be found in the
supplementary materials.
Results

We provide descriptive statistics for the variables used in the
analyses. From the initial survey, the average of the participants’ project skills was 3.07 (SD=0.63), the median number of previous collaborations reported by participants was 2
(M=3.04, SD=3.14), and the median number of friends was 3
(M=3.91, SD=3.72). In the first project, 33 of 46 participants
searched for potential teammates, the number of searches per
participant was 1.94 (SD=1.68), the system generated 1,261
recommendations, 63 were selected by participants, and the
average number of recommendations selected per user was
1.91 (SD=2.42). From the second project, 20 participants
searched for potential teammates, the number of searches per
participant was 1.30 (SD=0.47), the system generated 520
recommendations, 26 were selected by participants, and the
average number of recommendations selected per user was
1.30 (SD=1.13). Fewer participants searched for teammates
in the second project. However, the proportion of invitations
per participants’ searches in the second project was similar
to that in the first project. Correlation analysis found that the
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Figure 2. Showing the diversity score reduces the diversity of invited
teammates

friendship between two users was moderately correlated with
their previous collaboration (r = 0.513, p < .001). The recommendation rank of the potential teammates displayed on the
results page was weakly correlated with previous collaboration
(r = −0.230, p < .001) and friendship (r = −0.202, p < .001).
Furthermore, the diversity score was weakly correlated to
gender homophily (r = −0.198, p < .001). To determine the
amount of membership change between the first and second
projects, we classify each dyad as being on the same team or
not during the first and second projects: 50.7% of the dyads
remained the same between the two projects.
Invitations sent by participants in the treatment group had
lower diversity scores

Since the dependent variable is categorical, we first check
the average diversity scores of the recommendations generated by the system and compare those that were selected to
those that were not. We find that users who were shown diversity information (treatment-group) invited others who were
more similar to them. Figure 2 displays the average diversity
scores for recommended teammates who were selected and
those who were not by treatment condition. For the control
group, the mean diversity score is 0.478 (SD=0.173) from the
selected recommendations and 0.464 (SD=0.149) from the
not-selected recommendations. For the treatment group, the
mean diversity score is 0.401 (SD=0.166) from the selected
recommendations and 0.499 (SD=0.160) from not-selected
recommendations. The difference in the average diversity
score between selected and not-selected recommendations is
not statistically significant in the control group (two-sided unpaired t-test, t = −0.62, p > .05), but statistically significant
and less diverse in the treatment group (two-sided unpaired
t-test, t = 2.94, p < .01).
Displaying diversity information affects teammate selection

Table 1 shows the odd-ratios and standard errors of the mixedeffect logistic regression models, which regress users’ decisions to invite (or not) a potential teammate. Model 1—with
the control variables—finds that the recommendations’ rank
and prior relations significantly affected teammate selection.
We find that participants were 61.2% times more likely to be
invited if they were listed at the beginning rather than at the
end (OR = 0.388, p < .001). Participants were 5.456 times
more likely to send an invitation to a friend (p < .001) and
2.03 times more likely to send an invitation to a previous
collaborator (p > .05).
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Adding treatment, diversity score, and their interaction (i.e.,
showing diversity information) as independent variables in
Model 2a does not significantly improve over the first model
(χ 2 (3) = 5.59, p > .10). The interaction term shows that participants who saw the diversity score were 44.9% less likely
to invite someone who would increase the team’s diversity
than someone who would not increase it (p < .05). The treatment condition itself does not affect the number of sent invitations (OR = 0.991, p > .05), nor does the diversity score
(OR = 1.127, p > .05). This suggests that a simple manipulation as showing a user how a prospective teammate would
affect their team’s diversity has significant (interaction) effect
on decisions about whom to collaborate with.
Since gender was included in the diversity score, Model 2b
explores the addition of gender homophily as an alternative
explanation. We find that this variable significantly affects participants’ teammate selection (χ 2 (3) = 16.04, p < .01). Participants were 1.86 times more likely to send an invitation to
someone of the same gender (p < .01). In the treatment condition, the effect of gender homophily was larger, but this difference was not statistically significant (OR = 3.408, p > .05).
Finally, Model 3 includes all independent and control variables. Comparing Model 3 to Model 1, we find that including treatment, gender homophily, diversity score, and
their interactions significantly affects teammate selection
(χ 2 (5) = 20.215, p < .01). Specifically, those who appeared
at the top of the ranked recommendations were 62.3% more
likely to receive an invitation (OR = 0.377, p < .001), friends
were 3.831 times more likely to receive an invitation (p < .01),
individuals who would increase team diversity were 41.6%
less likely to be invited when the diversity score was displayed
(OR = 0.584, p < .05), and same-gender individuals were 2.02
times more likely to receive an invitation than different-gender
individuals (p < .05). The significant interaction between the
diversity score and treatment condition supports H1.
The gender homophily effect was larger in the treatment condition, but this difference was not significant. It is notable
that interaction term between treatment and diversity score is
still significant while accounting for gender homophily. This
suggests the interaction is driven more by the remaining components of the diversity score—age, cultural diversity, and
project skill diversity—than by gender diversity.
The AIC values indicate that Model 3 provides the best fit
for the data. None of the models were overdispersed since
all three p-values from the Pearson’s chi-squared tests were
larger than 0.05. Multicollinearity was not an issue: for all the
models presented, no factor had a VIF value greater than 3.8.
Although this study shows that displaying diversity information influenced teammate selection, the pre-post design is
limited by confounding treatment and maturation effects; the
use of a student sample is another limitation. We conducted
a second randomized experiment in a field setting to address
these two limitations.
STUDY 2: RANDOMIZED FIELD EXPERIMENT

We conducted a second study to test whether this effect is
consistent in a randomized experimental context. Instead
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Model 1

Fixed effects
Intercept
Recommendation rank
Previous collaboration
Friend
Treatment
Diversity score
Diversity score x Treatment
Gender homophily
Gender homophily x Treatment
Random Effects
Variance
Log Likelihood
AIC

Odds Ratio
0.017
0.388
2.031
5.456
Variance
1.44
-278.45
566.9

Model 2a
(SE)
(0.316)***
(0.155)***
-0.443
(0.421)***
(SD)
-1.2

Odds Ratio
0.017
0.391
2.143
4.993
0.991
1.127
0.551
Variance
1.48
-275.65
567.3

Model 2b
(SE)
(0.339)***
(0.156)***
-0.452
(0.429)***
-0.328
-0.156
(0.262)*
(SD)
-1.215

Odds Ratio
0.0119
0.373
1.888
4.081
0.472
1.855
3.408
Variance
1.516
-270.43
556.86

Model 3
(SE)
(0.392)***
(0.158)***
-0.472
(0.452)**
-0.596
(0.308)*
-0.658
(SD)
-1.231

Odds Ratio
0.0113
0.377
2.08
3.831
0.509
1.204
0.584
2.02
2.733
Variance
1.522
-268.34
556.69

(SE)
(0.397)***
(0.157)***
-0.48
(0.459)**
-0.598
-0.156
(0.266)*
(0.313)*
-0.671
(SD)
-1.234

Significance code: * p < .05, ** p < .01, *** p < .001. Number of senders: 36. Number of observations: 1,781.

Table 1. Study 1. Mixed-effects logistic regression predicting participants’ invitations

of testing a single group in a pre-post design, we randomly
assigned participants to two groups (control and treatment) to
assemble teams either with or without seeing a diversity score
associated with teammate recommendations.
Participants

We recruited 70 faculty members at a public university in Argentina. Participants enrolled voluntarily in a five-week online
course to explore the use of technologies in education. More
females than males participated (78.5%), the average age was
43.26 (SD=11.28), and no international participants took this
course. The online course, provided by a university center
for teaching, was open and free for all the university’s faculty
members. One instructor was responsible for teaching this
course, along with two teaching assistants. The research group
only provided access to the team formation system and was
not involved in the course’s learning activities and evaluations.
Using the team formation system was voluntary, and participants provided informed consent. If participants did not want
to use the system, they could manually assemble their teams.
The participants were assured that use of this team formation
system was not going to affect their experience in the course
and their grades. We randomly assigned each participant to
one of the two diversity-information conditions, resulting in 36
participants in the control group and 34 in the treatment group
(two dropped the course). In total, participants assembled 13
teams (6 in the control group and 7 in the treatment group)
ranging from 2 to 5 members per team.
Procedure

After we assigned participants to each treatment condition, the
instructor created two separate sections. The first included
the control group participants and the second the treatment
group. In this online class, participants reflected on how to promote cooperation and collaboration strategies in their courses.
Before the course started, the instructor invited each course
section to the team formation system. Participants received
an email with login instructions, completed an initial survey
to assess their traits and social networks. The team formation
procedure and system were the same as in Study 1. All participants assembled teams through the system, and no information
about their diversity was provided outside of the system.
As part of the course, participants watched videos, discussed
them in their teams, and elaborated a report synthesizing their
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main takeaways. Since all course activities were online, participants interacted with each other using the course website. They
were also allowed to communicate with their teammates using
email and instant-messaging technologies, such as WhatsApp,
Facebook, or Google Hangouts. We did not control whether
participants worked together in face-to-face conditions after
they assembled their teams. The final team deliverable was
a 2-page document that included the team’s analysis of the
videos and reflections.
Measurements

Different from Study 1, we included additional deep-level
attributes to the diversity score relevant to the academic context
of this course. Specifically, we added:
• Faculty diversity: At this university, faculty is a division
comprising one subject area or a group of related subject
areas, which is similar to colleges or schools in the US.
Participants reported their primary affiliation in the initial
survey. Faculty diversity was calculated using the Blau
index to capture differences in the proportion of team members who were from the same or different faculties.
• Work status diversity: It was calculated using the Blau index,
as the proportion of team members’ time dedication (i.e.,
full- or part-time).
• Academic position diversity: It was calculated using the
Blau index based on tenure at the university.
Manipulation check

To check if participants paid attention to the diversity score
displayed by the system, we included a manipulation check in
a voluntary online survey. Participants completed this survey
after they submitted their team reports. We asked participants
in the treatment condition who searched for teammates about
whether or not they saw the diversity score. From the treatment
group, 26 participants completed the survey, 22 of whom had
used the system to find potential teammates. Of these, 83.3%
of the participants reported seeing the diversity score.
Analysis and Results

We provide descriptive statistics for the main variables used in
this study. From the initial surveys, we do not find significant
differences in participants’ project skills between the control
group (M=3.26, SD=0.65) and the treatment group (M=3.29,
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Figure 3. Showing the diversity score reduces the diversity of invited
teammates

SD=0.45). In the control condition, we find that the median
of friends reported was 2 (M=4.4, SD=11.30) and the median
of collaborators reported was 2 (M=4.55, SD=11.26). In the
treatment group, the median of friends reported by participants was 6 (M=12.47, SD=17.06), which was higher than
in the treatment group, and previous collaborators were 2
(M=5.52, SD=10.98). From the control group, 23 participants
searched for potential teammates, the number of searches per
participant was 2.13 (SD=1.46), the system generated 944
recommendations, and 66 were selected by participants, and
the average number of invitations sent by each participant was
2.86 (SD=3.02). From the treatment condition, 24 participants
searched for potential teammates, the number of searches per
participant was 3.00 (SD=2.21), the system generated 1,408
recommendations, 72 were selected by participants, and the
average number of invitations sent by each participant was
3.00 (SD=3.36). Among the independent variables, friendship was moderately correlated with previous collaboration
(r = 0.549, p < .001). The diversity score of each person recommended to the searcher was highly correlated with gender
homophily (r = −0.718, p < .001), weakly correlated with
their friendship (r = 0.239, p < .001) and their previous collaboration (r = 0.182, p < .001).
Users who saw a diversity score were less likely to invite teammates who would diversify their team

Figure 3 shows the same pattern that was found in Study 1.
Users who were shown the diversity score were less likely
to invite teammates who would increase the team’s diversity. For the control group, the mean diversity score is 0.491
(SD=0.156) from the selected recommendations and 0.485
(SD=0.150) from the not-selected recommendations. For the
treatment group, the mean diversity score is 0.413 (SD=0.165)
from the selected recommendations and 0.475 (SD=0.159)
from not-selected recommendations. Replicating Study 1,
the difference between not-selected and selected recommendations in the treatment group was statistically significant
(two-sided unpaired t-test, t = 3.14, p < .001).
Displaying diversity information affects teammate selection

We replicated the analysis from Study 1, using a mixed-effect
logistic regression to determine whether displaying diversity
information affects participants’ teammate selection (Table
2). The null model controls for the non-independence created by having multiple invitations per participant. Model 1
is a baseline, controlling for three variables known to affect
teammate preferences. Consistent with the first study, participants were 44.7% times more likely to be invited when they
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were displayed at the beginning of the list rather than at the
end (OR = 0.553, p < .001), 2.649 times more likely if they
worked together in the past (p < .05), and 2.647 times more
likely if they were friends (p < .01).
Model 2a includes the diversity score treatment condition, diversity score, and their interaction as independent variables.
We find these variables significantly affect participants’ teammate selection (χ 2 (5) = 17.63, p < .001). The treatment condition and displaying diversity information are statistically
significant, where participants were 48.4% times less likely
to invite someone who would make the team more diverse
than someone who would make it less diverse (p < .01). Interestingly, this model shows that participants in the treatment
condition were less likely to send an invitation than those in
the control condition (p < 0.05).
Model 2b explores the addition of gender homophily as an
alternative explanatory variable. In contrast to Study 1, we
did not find a significant gender homophily effect in Study
2 (χ 2 (3) = 7.30, p > .05). Neither gender homophily nor its
interaction with the treatment variable was significant. However, the gender homophily effect is considerably larger in the
treatment than in the control condition, and it is marginally
significant (p < .10).
Model 3 includes all independent and control variables.
Adding treatment, diversity score, and gender homophily
variables significantly affect participants’ teammate selection
(χ 2 (5) = 17.94, p < .001). Displaying diversity information
is significant, even accounting for the diversity score itself and
the other controls known to affect teammate selection like recommendation rank, prior collaboration, and friendship. When
controlling these other effects, participants in the treatment
condition were 48.7% less likely to invite teammates who
would diversify their team. Therefore, H1 is supported.
None of the models were over-dispersed since all three pvalues from the Pearson’s chi-squared tests were larger than
0.05. Multicollinearity was not an issue: for all the models
presented, no factor had a VIF value greater than 5.5.
DISCUSSION

In this paper, we examine whether and how displaying diversity information to individuals as they form teams affects their
willingness to choose to work with others who are different
from them. These two studies confirm that individuals who
were shown diversity information were less likely to choose to
work with others who differ from them (H1). Whom do individuals choose as teammates? They prefer those who appear
higher on a recommendation list, those who are friends, those
who are prior collaborators, and those who appear similar to
them. Taken together, these findings show the negative consequences of highlighting the differences among members on
forming diverse teams. It also underscores how interfaces may
generate bias on people’s teammate selection. These findings
lead to four conclusions.
First, this paper provides empirical evidence of how people’s
proclivity for similarity can be exacerbated by showing them
their differences from others. Similar to previous HCI studies
on selective exposure and filter-bubbles, this paper highlights
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Model 1

Fixed effects
Intercept
Recommendation Rank
Previous collaboration
Friend
Treatment
Diversity score
Diversity score x Treatment
Gender Homophily
Gender Homophily x Treatment
Random Effects
Variance
Log Likelihood
AIC

Odds Ratio
0.030
0.553
2.649
2.647
Variance
1.475
-456.74
923.48

(SE)
(0.241)***
(0.097)***
(0.393)*
(0.310)**
(SD)
-1.214

Model 2a
Odds Ratio
0.041
0.552
2.516
4.337
0.431
1.031
0.516
Variance
1.165
-447.92
911.84

(SE)
(0.295)***
(0.102)***
(0.415)*
(0.336)***
(0.411)*
-0.157
(0.229)**
(SD)
-1.08

Model 2b
Odds Ratio
0.043
0.546
2.787
3.636
0.247
0.901
2.525
Variance
1.296
-453.09
922.18

(SE)
(0.351)***
(0.098)***
(0.395)**
(0.330)***
(0.560)*
-0.304
-0.484
(SD)
-1.138

Model 3
Odds Ratio
0.045
0.552
2.466
4.33
0.453
0.972
0.513
0.851
0.944
Variance
1.164
-447.77
915.53

(SE)
(0.409)***
(0.102)***
(0.416)*
(0.340)***
-0.63
-0.23
(0.319)*
-0.457
-0.698
(SD)
-1.079

Significance code: * p < .05, ** p < .01, *** p < .001. Number of senders: 47. Number of observations: 2,352.

Table 2. Study 2. Mixed-effects logistic regression predicting participants’ invitations

the importance of the information displayed in socio-technical
systems and shows how profiles, pictures, and other recommendation metrics can create bias among users. Prior literature
has been clear on how social networks, stereotypes, and prejudices affect people’s choices to work with others. This paper
extends this work by demonstrating how system features can
also affect those choices. One possible explanation for these
results is that displaying diversity information increases users’
perceived diversity, which is the group members’ belief that
others are different [99, 81]. Perceived diversity depends on
how group members recognize their differences and benefit
from them. It can be positively related to better teamwork
by increasing trust and cohesion, and decreasing conflict [27].
However, when members are not able to take advantage of
their differences, the opposite effects are more likely to occur
[73]. Individuals who are more aware of their dissimilarities
are less likely to be involved in task-related processes [42],
identify less with their teams, and are more likely to have
conflicts [39]. Since users are highly reliant on systems’ design and information displayed in online environments, users’
awareness of their differences is more likely to increase, and
perceived diversity would induce them to select more similar
individuals.
An alternative explanation for this result is the inclusion of
surface-level attributes in the diversity score, making them
more explicit. As [16] suggests, technologies should emphasize deep-level attributes among team members to increase
relationships and trust. Future studies should examine whether
highlighting only deep-level characteristics prompt users to
seek potential teammates that offer different skills, values, and
backgrounds.
Second, the findings for gender homophily were mixed. Gender homophily was influential in Study 1 but not in Study 2.
A possible reason is the FTF context in the first study, where
participants were more aware of their surface-level differences
since they were able to see each other in the classroom. In
contrast, the CMC context in Study 2 may have played down
gender differences. Since they expected to work online, they
could have prioritized other characteristics at the moment of
assembling teams—such as project skills. However, this conclusion requires more testing since prior results are mixed [26,
58]. Cultural, age, and environmental differences between the
two studies could have been other possible explanations. Like
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previous studies comparing FTF and CMC teams, future work
should address whether gender homophily can be mitigated
by the use of communication technologies.
Third, this paper shows the effects of grouping several dimensions of diversity into a single score. This aggregation has
effects on (i) how systems calculate diversity among users and
(ii) how users will be aware of their differences. Diversity
can be operationalized in a more holistic way rather than a
sum of attributes [80]. Moreover, aggregating diversity dimensions into a single number generated potentially simplistic
evaluations and allowed participants to see which potential
teammates were more similar to them. Future studies should
test how displaying different metrics of diversity—one for
each kind—through the use of badges or bars could enable
them of their options and decisions. Systems could detect what
kinds of diversity types (e.g., cognitive, cultural, gender) benefits users and make suggestions based on those. For example,
a multi-armed bandit approach could allow systems to test different diversity types options by providing recommendations
to users and learning from their choices [100].
Fourth, this work shows that the effect of displaying diversity information on individuals’ invitation behavior has consequences for overall emergent team composition. We analyzed
whether teams in the treatment condition were less diverse than
those assembled in the control group condition. We compared
the teams’ diversity metrics in both conditions computing the
Blau index for categorical variables and Gini coefficients for
numerical variables. In Study 1, we found the control condition’s teams were more diverse in gender (8%) and project
skills (2%) than treatment condition’s teams. Similarly, we
found in Study 2 that control condition’s teams were slightly
more diverse than treatment condition’s teams in school representation (10%), time dedication (5%), project skills (2%),
academic positions (2%), and gender (1%). Although these
differences were not statistically significant—perhaps due to
the small number of teams—they exhibit how the effect of
displaying diversity information on individuals’ choices at the
micro-level manifests in overall team diversity at the emergent
macro-level. As such, this paper sheds light on how presenting
users’ identities affect the composition of online communities,
where diversity is more likely to work in large groups since
members are able to find similar others within the group [72].
Since most online communities are organically assembled, the
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way in which systems present users and make visible their
attributes has consequences on the composition of smaller
communities, and ultimately, in their inclusion, cohesion, and
performance [72, 70].
Theoretical implications

This paper advances our understanding of how socio-technical
systems organize people. Team formation systems, like the
one used in this paper, do far more than inform users about
their options and augment their decisions. Their interfaces and
features can promote certain interactions among individuals
who are similar and different and provide several ways to organize them in groups. This work offers a new view regarding
how diversity information affects the composition of teams assembled in socio-technical systems. How can systems provide
a better balance? Previous crowd systems have strongly relied on computational mechanisms to assemble more effective
teams [59, 77, 78, 71, 101], however, the challenge remains
in providing users a certain degree of flexibility and agency.
Certainly, there is a trade-off. On the one hand, literature has
shown how allowing users to assemble their own teams may
lead to better group dynamics and outcomes since members
are more committed to the task and the team [6, 18, 61]. On
the other hand, segregation, homophily, and lack of diversity
are more likely to occur in those teams. Although the system described contributions that diverse people could bring to
their teams, most participants were not likely to consider those
recommendations. This paper prompts discussion which is
fundamental not only for crowd or team formation systems, but
is also relevant for social network platforms where homophily
and agency are present and coexist together. The emergence
of diversity is not a mathematical aggregation process, but
fundamentally a social process that requires communication,
coordination, and commitment of their members [70].
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implementing social agents (e.g., bots) who interact with users
and become “match-makers” [97], (ii) providing icebreaker
exercises to allow direct social contact between them and facilitating the reduction of prejudices [60], (iii) highlighting
users who can mediate among diverse people and perform
as “bridges” between users with extreme characteristics, and
(iv) highlighting the attributes that diverse users may have in
common. These ideas require experimentation and testing.
Limitations

It is important to acknowledge the limitations of this paper.
First, we did not directly measure participants’ perceptions of
diversity on teams. To address this issue, future studies must
assess individuals’ perceived diversity—whose measurement
is still under discussion in the academic community [81]—and
analyze any latent variables between perceived diversity and
diversity information. Second, the characteristics of our context and participants place important boundary conditions on
the findings. Additional research is needed with a broader
population and different organizational contexts [46]. Having
more diverse samples may affect the extent to which diversity levels suppress or trigger social-categorization processes,
which in turn would affect the degree to which users are sensitive and/or reactive to features that signal diversity information.
Third, most research on group diversity is premised on its impact on group processes and outcomes, such as performance
and viability, which were not tested in this paper [48, 96, 89].
Fourth, we did not control any other communication channels
that participants could have used, which could have influenced
their choices. Finally, testing alternative interface designs
could have strengthened this paper. Though our “one singlescore” design did not differ from previous HCI studies [56,
57], this could have been too simplistic. Future experiments
could include the variation of several interfaces to see which
ones are more effective [85].

Design Implications

CONCLUSION

The results of this paper provide guidance on how HCI practitioners should design systems that promote conscious reflections about diversity among users. Previous literature emphasizes how allowing people to choose by themselves provides
better results [24, 54] and how branding diversity in organizations may affect some users’ perceptions, generating distrust
and stress [47]. In this sense, systems can engage users in
choosing diverse teammates by priming them with potential
benefits of diversity (e.g., showing studies’ results) and allow them to make a final decision. The use of alternatives
languages—such as framing people’s diversity as strengths or
complementary skills—may help users to avoid raising their
bias against diversity. Future systems could assess participants’ openness to diversity and display diverse information
only to those who may seek it [67]. Through the data collection of users’ personality and social networks, systems could
potentially infer their willingness to seek diversity (or avoid
it). For example, people who are more connected with diverse
communities could be more likely to receive these recommendations [14]. Since the most effective diversity programs are
those that engage people in working for diversity and increase
their contact with those who are different [24] systems can facilitate interactions among users who are different through (i)

There is a growing groundswell of societal interest in diversity.
Mounting evidence supports the benefits of diversity in teams.
As technologies increasingly make it possible for teams to
form and collaborate across boundaries, an open question is:
Can technologies support diverse team formation? The two
studies presented in this paper underscore the complexity of
designing for diversity. Whereas a feature can be built to
display hypotheticals, individuals’ motives may run counter to
the intended goal of such features, in this case, team diversity.
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