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ABSTRACT
The student peer-group is one of the most important influences
on student development. Group work is essential for creating pos-
itive learning experiences, especially in remote-learning where
student interactions are more challenging. While the benefits of
study groups are established, students from underrepresented com-
munities often face challenges in finding social support for their
education when compared with those from majority groups. We
present a system for flexible and inclusive study group formation
that can scale to thousands of students.

Our focus is on long-term study groups that persist throughout
the semester and beyond. Students are periodically provided op-
portunities to obtain a new study group if they feel their current
group is not a good fit. In contrast to prior work that generates
single-use groups, our process enables continuous refinement of
groups for each student, which in turn informs our algorithm for
future iterations.

We trialed our approach in a 1000+ student introductory Electri-
cal Engineering and Computer Science course that was conducted
entirely online during the COVID-19 pandemic. We found that
of all students matched to study groups through our algorithm, a
large majority felt comfortable asking questions (78%) and shar-
ing ideas (74%) with their group. Students from underrepresented
backgrounds were more likely to request software-matching for
study groups when compared with students from majority groups.
However, underrepresented students that we did match into study
groups had group experiences that were just as successful as stu-
dents from’ majority groups. Students in engaged, regularly par-
ticipating study groups had more positive results across all other
indicators of the study group experience, and certain positive group
experiences were associated with higher exam scores overall. Fur-
thermore, students performing at a B-level on the first classmidterm,
who participated in high-quality software-matched study groups,
demonstrated higher final exam scores than students in lower-
quality groups.
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1 INTRODUCTION
Group work is an important component of engineering, where
many projects (both at the university level and in real-life) are
team-based. Students often form informal study groups to work
on homework problems, study for exams, and do course projects.
Astin’s influential paper calls out the student peer-group as themost
important environmental influence on student development [4].
Since learning is a social experience [60], peer-learning is essen-
tial [3, 9, 50, 53], and peer-groups and social networks can have a
huge impact on the success of individuals [11, 12, 21, 35, 42, 58],
providing social support is critical for students. The positive im-
pacts and importance of study groups has been extensively stud-
ied [7, 15, 17, 18, 24, 31, 33, 34, 38, 41, 44, 52].

However, the move to online learning due to the COVID-19
pandemic made it significantly more challenging for students to
meet each other and work together [20, 62, 64]. And even under
pre-pandemic circumstances, study groups have not been equally
available to all students. Students from underrepresented communi-
ties struggle to make essential social connections and study-groups
and may feel excluded [3, 8, 10, 13, 40, 45, 49, 57]. This is partic-
ularly true at UC Berkeley where our introductory classes often
have 1000’s of students, and very small numbers of students from
certain groups (e.g. less than 10 Black students in a class of 1000).

For instance, back in 2013, a news outlet ran a story about UC
Berkeley [2], with a quote from the then director of the African
American Student Development office:

“A black student might be in a science course, ... and the
professor says, ‘Okay, everybody has to have a study
group.’ Nobody picks them for a study group. They first
have to show that they can get an A before they get
selected.”

Unfortunately, this problem still persists today. In fact, the president
of the Black Graduate Engineering and Science Students at UC
Berkeley recently wrote [6]:

“... I’ve stood by black CS undergrads who were con-
stantly ostracized in group projects, often the last ones
to be picked. Their peers regularly perceive them to
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be less knowledgeable and capable in carrying coding
projects. I have had to console crying teenagers scarred
from the experience, questioning, for the first time in
their life, whether being black was worth it. Imagine
that. Their only path to recognition in that environ-
ment was through a bogus burden of excellence. What
ever happened to the opportunity of being average yet
respected?”

To address these challenges, we designed a flexible, inclusive,
and scalable custom software solution to automatically group stu-
dents based on their preferences while enforcing inclusive group
formation. Our focus here is on developing an end-to-end system
that can be used to develop long-term study groups (for one course
or more). We distinguish study-groups (which are informal, fluid,
open-ended, and student-driven) from project-groups (which are
officially tied to grades, fixed, and have a predetermined focus).
Our goal is to have long-term (one semester or more) study groups
that evolve into friendships and support systems, not just groups
to work on a particular assignment or project. With this perspec-
tive, group reassignment based on feedback from students is a key
feature of our system, and this distinguishes our work from other
approaches [22, 32].

We first trialed our system in an introductory Electrical Engineer-
ing and Computer Science (EECS) course at UC Berkeley, consisting
of over 1,000 students, and it has subsequently been used in multi-
ple other lower-division and upper-division courses in the EECS
department. The online semester provided a unique opportunity to
study the impact of intentional and structured study groups for stu-
dents, since the natural in-person social process by which students
form study groups was disrupted.

1.1 Main contributions
This paper discusses the development of a scalable survey and
software system to generate long-term study groups. A key feature
of our system allows students to ‘try out’ a study group for a few
weeks and then request a reassignment to a new group if their
first group is not working out for them. They may do this multiple
times throughout the semester. This gives the system and course
instructors the opportunity to improve group matches over time
and improve the student experience, and sets up a system by which
our system can learn better groups over time.

Ourmatching system can considers multiple concrete factors (e.g.
student schedules, demographics) as well as factors such as student
motivation in generating the groups. We build on previous works
such as [22, 32]. These works identified that solo/singleton status
(students who are the only representative of a given demographic
in their study group) in a group may harm students. However, the
optimization-based frameworks of [22, 32] are likely to avoid solo
status, but cannot guarantee it. Our partitioning based system (see
Sec. 2.3) can provide guarantees for this. In addition, our matching
system and code can scale to thousands of students, unlike [22].
Our code will also be available open-source at [29]. Our focus is
on a system for voluntary long-term student interactions, without
any connections to grades, and we build other infrastructure (e.g.
guidelines for study-group operation, discussion-based homework

problems, and more in Sec. 2.1) to support this. This contrasts with
the shorter-term project focus that other systems may have.

In evaluating our system, we offer a case study of the impact of
study groups during the first exclusively remote semester at UC
Berkeley. We find that most (over 50%) of the students in groups
we assigned had positive experiences across four of five quality
indicators (see Sec. 3.1). Notably, more than 74% were comfortable
asking questions and sharing ideas in their groups (see Sec. 3.1).
We find that our system was particularly useful to students from
underrepresented demographic groups — these students were more
likely to request a study group via our system than form their own
study groups (see Sec. 3.1.2). Furthermore, for those students who
were matched into groups by our system, we find that students
of underrepresented race and gender demographics had similarly
positive study group experiences to majority groups (see Sec. 3.2).
In analyzing group associations with academic performance, feeling
comfortable sharing ideas and asking questions in study groups
was significantly associated with increased midterm scores (see
Sec. 3.3).

1.2 Background
We are building on extensive work to understand the importance
of social support for students, as well as on work to construct
high-quality teams and evaluate their impact. Here, we discuss
representative works in different areas.

Social support in the classroom: Social support matters ev-
erywhere, and especially in the classroom. It has been shown that
socially-connected employees are less likely to quit or change their
jobs [36, 37]. Social-networks can encourage individuals to persist
in challenging environments where they might otherwise drop
out [37]. Social integration, institutional commitment, and inten-
tion matter in students’ retention, and students with broader, well-
connected networks are more likely to persist in college [55]. Simi-
larly, students’ friends’ retention was found to have a large impact
on their own retention [19], and their integration into the social
network matters as well [65]. Simple psychological interventions
that improved social connectivity in the classroom have also in-
creased retention [58]. Anxiety in the classroom can be mitigated to
some extent by feelings of interpersonal familiarity and acceptance
by peers [59].

Most students entering university in Fall 2020 did not have ac-
cess to the usual meetups, orientations, or events that allow them
to develop these social support networks. This widens the divide
between those who come to Berkeley from feeder schools (where
multiple students from the same school/community college are in
university together), versus those who are the only representative
from their school/area. Based on student interviews, we know that
students from underrepresented groups are less likely to have ex-
tensive peer networks when they come to Berkeley. This made it
imperative that we institutionally help students find social support
and peer groups. For many first-year students, the study groups
were one of the few ways they connected with others. This also
made it important to indicate to students that these groups are not
limited to working on specific projects, but are really opportunities
for them to develop relationships with their peers.
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Group composition: The details of the social support matter
very much, and the specific composition of a study groups can
also have a great impact on their dynamics. Individuals experi-
ence "solo status" when they are the only members of their social
category (e.g., gender or race) present in an otherwise homoge-
neous group. Field studies and surveys indicate that members of
socially disadvantaged groups, such as women and racial minori-
ties, have more negative experiences as solos than members of
majority groups, such as white and male-identifying students [40].
Solo status can lead to lower public performance, which hurts re-
tention of women and racial minority students [57]. Tokenism, or
perfunctory/symbolic efforts to be inclusive to members of under-
represented groups [25], can lead to poor performance of students
from the underrepresented groups [49]. [56] highlights that retain-
ing women in undergraduate computing can be facilitated through
collaborative learning in classrooms by creating a sense of commu-
nity. In fact, a study about improving the persistence of first-year
undergraduate women in computer science showed that women
appreciated all-women support groups because they provided op-
portunities to discuss academic and social issues concerning the
major [43]. In another study, women who were randomly assigned
to male majority teams were less willing to become team leaders
than women assigned to women majority teams [8]. It is further
important to consider intersectional identities in this [46–48]. This
literature leads us to strongly believe that we should ensure that
no students experience solo or singleton status in study groups.

At the same time, homogeneity in groups is not necessarily ideal.
We know that broader networks that go beyond self-identified
student affinity groups are better for student retention and suc-
cess [55]. Furthermore, the work of Hong and Page [23] tells us
that diverse groups of problem solvers can outperform high-ability
groups. Many other works also emphasize the importance of di-
versity in groups [54, 61]. Thus it is important that students not
get siloed into interacting only with students from familiar racial,
ethnic and gender identities and learn to effectively interact across
these groups.

A variety of approaches have been explored by researchers to
form impactful student groups. For example, the at times comple-
mentary topic-master or skills may be helpful [14, 16]. Another
approach has been to create groups of students who approach prob-
lems very differently [1]. This system also grouped students with
complementary learning styles to avoid conflicts stemming from in-
compatible learning types. Yet another work used parameters such
as laboratory sections and out-of-class schedules to form student
groups using software [63]. We do not focus on skills/topic-mastery
in our context, since our goal is not the completion of a particu-
lar project, however our system does try to check for compatible
schedules. While learning styles have not been considered in this
version of our algorithm, we hope to consider them in the future.

Group formation tools: There have been many studies for
understanding the impact and construction of student teams [7,
15, 17, 18, 22, 24, 31–34, 38, 41, 44, 52]. For instance, [17] consid-
ers teams for specific projects, and discusses the balance between
skills across team-members, practical constraints such as schedules
and also factors such as motivation. [18] presents an algorithmic
approach and tool to ease instructor burden in group formation,
which is similar to our goals. However, this tool is not open-source,

and does not incorporate any machine learning components that
we aim to bring in. [38] specifically considers teams for in-lecture
exercises that must be rapidly formed. [39] includes a simulation-
based approach for adaptively learning better groups. [51] focuses
on real-time groupings for Massive Online Open Courses (MOOCs)
that are formed and dissolved on very short time-scales using an
optimization based approach. [52] also provides guidelines for suc-
cessful teams in the MOOCs, taking into account the high dropout
rates in MOOCs.

The most notable tool for student team formation is the CATME
Teammaker [32]. CATME is a flexible and powerful tool, which
focuses on student-teams for projects, and can incorporate demo-
graphic constraints, schedule constraints, course-matching con-
straints and more. Instructors have the option to indicate how
important each of these constraints are to them. In addition, this
framework offers a suite of tools that can evaluate the performance
of teams through peer-evaluation, for example as in [5]. Unfortu-
nately, the full version of their work is not available open source.
CATME uses a non-convex optimization problem on the backend
to identify the groups, with a hill-climbing approach to finding the
optimum. This approach likely only leads to the discovery of a local
optimum, and while constraint violations may lead to a decrease
in a team-score, and thus make the team less-likely to be chosen,
the optimization framework cannot guarantee this. Our approach
avoids this by using a partitioning approach. Their framework does
not account for the added value of having diversity across race and
gender in teams, which we are building explicit checks for.

Another tool of note is Gruepr, which builds on CATME but
provides an open-source implementation [22]. However, their al-
gorithm only works for partitioning up to 300students at a time,
while ours scales to 1000’s of students. It uses a genetic algorithm
to explore the optimization landscape — with a large number of
random seeds it has a chance to avoid local optima. However, one
still cannot provide guarantees of constraint non-violation. Our par-
titioning based approach allows us to prioritize certain constraints
over others as deemed important by the instructor, with is different
from the optimization approach of CATME and Gruepr.

2 METHODS
2.1 Course setup and timeline
We trialed our group-matching algorithm in a first-year introduc-
tory electrical engineering and computer sciences class at UC Berke-
ley in Fall 2020. This was the first entirely-remote semester due to
the COVID-19 pandemic, and there was a great deal of uncertainty
among both students and faculty around learning and teaching.
The course had one lecture and two discussion sections, as well as
a homework and lab assignment, all on a weekly basis.

In keeping with our goal to create study groups that would last
for the semester and beyond, students opted in to use our study-
group matching system — which was completely optional with no
grade incentives — and were also allowed to form their own groups
and simply indicate that to us. If students found that their assigned
or self-formed study groups were not working well for them, they
could request a different study group during a “reassignment round”
which we periodically conducted throughout the semester. We exe-
cuted the same matching algorithm for the students who requested
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Figure 1: The timeline of the group assignment process, from initial surveys to the final evaluation, in the context of the
homeworks and exams in the class.

reassignment and formed new study groups from those students.
Since very few reassignments were requested in the third round of
reassignment, we did not conduct further rounds.

A timeline of the process in the context of our class is shown in
Fig. 1. Matching surveys were sent out at the very beginning of the
semester as part of the first homework assignment (see [26, 30]), and
groups were released to students online a week later. In subsequent
semesters, we automatically emailed each student group together
in order to open a line of communication between them. Feedback1
on the study groups was collected through a mid-semester and
a final evaluation survey (see [27]). In this paper, we present the
results based on the final evaluations of students who consented
after all rounds of reassignment were completed.

To encourage better communication within the groups, we re-
leased a set of guidelines for effective group work that are available
at [28]. We additionally wrote new homework questions that were
open-ended to encourage discussion and sharing of ideas and opin-
ions (with no “correct” answers). Since most groups were only able
to meet virtually, these questions were designed as coursework-
related “ice-breakers”.

2.2 Collecting student preferences
To understand students’ needs in study groups, we first conducted
informational interviews with students from various cultural and
identity-based STEM student organizations as well as the Director
of Student Diversity in EECS. We tailored our process based on
their feedback, and had our final released surveys vetted by those
students and staff members.

In order to help students meet suitable study partners, we asked
a series of questions in the initial surveys released with the first
homework. This included information about their current timezone,
preferred meeting days and times, their coursework background,
their year, as well as optionally, their race and gender identity.
We also asked students how important the course was to them,
what other courses they are currently taking, and their preferred
discussion section attendance times (to allow students to attend
discussion section together if possible).

1We obtained student consent and IRB approval of our human research protocol titled
Creating positive experiences for first-year underrepresented students through scalable
automated inclusive study group formation., with Protocol ID ’2020-08-13526’ and
Approval Date ’September 25, 2020.’

Our aim was to create a structured process for supporting and
creating informal study groups, all while ensuring inclusion of stu-
dents from underrepresented groups. Since our goal was not to form
student teams to complete particular projects, we did not consider
particular skills or GPA type information in making groups.

2.3 Group matching algorithm
At a high-level, our algorithm partitions the class repeatedly into
subdivisions based on student constraints until the divisions are
small enough to become study groups, and then ensures that our
inclusivity and diversity constraints are met. Our goal was to form
study groups sized between four to eight students — we allowed
this flexibility in size for greater matching freedom. The general
algorithm and process is outlined in Fig. 3.

In more detail, our algorithm has three main phases: (1) Multi-
partitioning, (2) Group division, and (3) Postprocessing. Each phase
of the algorithm is explained as follows.

Multi-partitioning: The algorithm is configured with a priority
ordering for constraints and matching preferences, which are used
to partition the students into subdivisions. We repeatedly partition
the class to maximally match student preferences until either the
subdivisions are too small or until we have exhausted the matching
criteria. Fig. 2 shows an example of this process, using student time-
zone as the first partitioning criterion and then using scheduling
constraints as the second criterion.

While this partitioning approach would ensure that no con-
straints are ever violated, strict partitioning can be too restrictive
when it comes to select-all-that-apply questions, which is why we
use multi-partitioning. For example, consider a scheduling con-
straint, where students are asked to choose days of the week when
they would prefer to meet. In implementing multi-partitions for
this criteria, students are included in all of the subdivisions where
they could feasibly meet. Thus, a student who indicated either
Monday or Wednesday would work for them would initially be
placed in both subdivisions simultaneously. We then iterate over
subdivisions and prune other copies of the students in order to
achieve well-balanced partitions. For example, if the Monday par-
tition is substantially larger than the Wednesday partition, then
students who indicated both availabilities would preferentially be
maintained in the smaller Wednesday partition.
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. . .

[All Students]

[Timezone Partitions]

[Scheduling Partitions]

Figure 2: An example of class partitions modeled in a tree-
like figure. In the first stage of this partitioning process, we
separate students by which timezone they belonged to (for
example). Then, we further partition by which days they are
available. Note that in each subgroup, if a student could be
part of multiple of the groups below them, they are placed
into all of these partitions. Note that the diagram is symbolic,
and each criteria had more layers and subgroups formed.

For Fall 2020, we used the following priority-ordered partitioning
sequence: (1) Timezone, (2) Meeting day, (3) Meeting time, (4) Class
year, (5) Background classes.

Group division:Within each subdivision, students are clustered
into affinity groups based on their indicated preferences. We se-
quentially form "soft" clusters of students based on criteria not used
for partitioning such as demographics, other enrolled courses, moti-
vation in the course and so on. Students with similar responses are
clustered together. These clusters are then split into study groups
that obey the sizing constraints, although groups may be formed
across cluster boundaries if necessary.

Singletons and homogeneity: Since the earlier clustering is
done in a soft manner, it does not provide any hard guarantees. In
order to guarantee that no student has solo status, we further iterate
over all groups and identify students who are singletons. Such
students are partnered into pairs or triples and then combined into
larger study groups. To the extent possible, intersectional identities
are taken into account in generating these pairs. If suitable partners
cannot not be found within the same subdivision, subdivisions are
allowed to be violated.

Since homogeneity of a single gender or race within a group
was also undesirable, we checked to ensure that there were no
completely racially-homogeneous groups during our first algorithm
execution. Subsequently this check has been incorporated into the
algorithm. However, given the demographics of the student body
— where there are a large number of men and Asian students — it
was not possible to guarantee non-homogeneity for all groups, and
some groups from our majority demographics were homogeneous.

3 ANALYSIS AND EVALUATION
3.1 Overview of student impact
In our analysis below, we only consider students who consented to
our use of their data with a total of 477 consenting students. The
demographic distribution across categories can be seen in column
A of Fig. 6. Our final evaluation survey (see [27]) had five questions
related to the quality of the study group experience for each student:
(1) the frequency of interaction of the study group, (2) the number

Would the student 
like a HW or study 

group? 

Self-matched?

New Assigned 
Group

Self-Matched 
Group

Working Alone

Reassignment?
(repeat as 
needed)

No Yes

Self 
Assigned

Software 
Assigned

Yes

Demographic and 
Group Matching 

Survey Data

Zoomed-In 
Software Details

Survey Data Configuration

Group division in each subdivision 
based on unused constraints 

Multi-partitioning of students based on 
high priority constraints 

(ex. timezone, availability, etc.)

Inclusivity + Diversity Check
 (ensure no singletons) 

Final verification of groups:
# of students per group, all students 

matched, etc.

Singletons

Fails

Passes verification

Study groups

Figure 3: Group matching process flowchart along with a
detailed software diagram (in gray). First, students are routed
based on whether they want a study group and whether they
already have a self-matched group in mind. For the remain-
der of students, our software uses the student preferences
to match them into groups. The algorithm first partitions
students based on the most important criteria, forms groups
within subdivisions to maximize matches on secondary cri-
teria, and finally then performs checks on the demographic
and preference-based breakdown within each group. After
ensuring that no singletons are present and performing ad-
ditional verification, the resulting groups are finalized and
displayed.

of students in the study group which regularly participated in in-
teractions, (3) the comfort of the student in sharing ideas with their
group, (4) the comfort of the student in asking questions in their
group, (5) whether the student wants to take future courses with
their group. We were also interested in understanding associations
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Group Quality Indicator Software-Assigned Self-Formed

Future courses 52.4%
(47.0%, 57.8%)

97.2%
(94.5%, 99.9%)

Group interaction 56.6%
(51.3%, 61.9%)

95.8%
(92.5%, 99.1%)

Group participation 62.3%
(57.1%, 67.5%)

95.1%
(91.6%, 98.6%)

Comfort asking questions 74.2%
(69.6%, 78.9%)

93.7%
(89.7%, 97.7%)

Comfort sharing ideas 78.4%
(74.0%, 82.9%)

95.1%
(91.7%, 98.6%)

Figure 4: Percentages (with confidence intervals) of students
who reported positive responses to the five group quality in-
dicators. First column: Students in software-matched groups.
Second Column: Students in self-formed groups.

with how many times a student requested reassignment to a new
group.

When analyzing responses in these factors, we classify “positive”
responses, i.e. indicators that the student had a good experience in
their study group, as follows:

• Future courses: students state they hope they can, or defi-
nitely will, take future courses with their group

• Group interaction: students interacted with their group once
a week or more

• Group participation: Some, most, or all members participated
in group interactions

• Comfort asking questions: Students agreed or strongly agreed
that they feel comfortable asking questions in their group

• Comfort asking questions: Students agreed or strongly agreed
that they feel comfortable sharing ideas in their group

When looking at all the students who received groups from us,
we see evidence of overall positive group experiences (see Fig. 4
for response percentages and confidence intervals). For example,
74% of students report feeling comfortable asking questions in
their groups, 78% of students report feeling comfortable sharing
ideas. We performed significance tests in comparison to the null
hypothesis that 50% of students would have positive study group
experiences and 50% of students would have negative study group
experiences. For all quality indicators, over 50% of our sample had
positive experiences. Performing analyses with proportion z-tests
at 𝛼 = 0.05, over 50% of all software-matched students had positive
experiences with group interaction, group activity, and comfort
asking questions and sharing ideas, as can be noted in the second
column of Fig. 4.

3.1.1 Correlations in group quality indicators. To preface the up-
coming analysis, we note that positive responses to certain study
group quality indicators tended to correlate with some more than
others, using the Pearson correlation coefficient (see Fig. 5). Specifi-
cally, positive responses to the group interaction and group activity
questions correlated highly with each other, and at moderate levels
with the other three indicators. Additionally, the comfort indicators
correlated highly with each other.

Figure 5: Pearson correlation matrix of positive responses to
study group quality indicators.

Demographic group (A) (B) (C) (D)
Women 139 103 74.1% (66.8%, 81.4%)
Men 326 221 67.8% (62.7%, 72.9%)
Gender non-conforming/
Genderqueer 2 2 100% -

Other/Prefer not to answer 10 10 100% -
Black/ African American 7 6 85.7% (59.8%, 100%)
Hispanic 39 28 71.8% (57.7%, 85.9%)
Native American/
Alaska Native/
Hawaiian Native

9 6 66.7% (35.9%, 97.5%)

White 86 66 76.7% (67.8%, 85.7%)
Asian 345 233 67.5% (62.6%, 72.4%)
Other/Prefer not to answer 27 20 74.1% (57.5%, 90.6%)
Freshman 323 214 66.2% (61.1%, 71.4%)
Junior or
Senior Transfer 66 53 80.3% (70.7%, 89.9%)

Figure 6: Demographic distribution of students in our sam-
ple. Column (A) shows the total counts of students in each
demographic subgroup who either self-formed or requested
software-assigned groups. Column (B) shows the count of stu-
dents of each demographic subgroupwho requested software-
assigned groups, and column (C) shows percentages of stu-
dents in subgroup who requested software-assigned study
groups. Column (D) shows population-level confidence in-
tervals on percentages in column (C).

Whether a student indicated a desire to take future courses with
their group did not strongly correlate with a student’s comfort
asking questions and sharing ideas in the group. This indicates that
the comfort in a study group may not be fully aligned with whether
a student wants to take future courses with a group. This may be
because future academic logistics impact the desire to take future
courses, which is independent of the quality of the study group.

In general, we consider these differing correlations to point to-
wards different forms of well-functioning study groups, and do
not define any particular combination to be an ideal study group.
We therefore will conduct analysis of study group quality across
individual indicators.
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3.1.2 Comparison to self-formed groups. In our dataset, 143 stu-
dents reported having self-formed groups and 334 students asked
for software-matched groups. Self-formed groups often were a re-
sult of students knowing each other prior to the start of the course.
These may be students who are not first-years, or are coming from
feeder high-schools, i.e. generally students who are more connected
in the social network. Self-formed groups reported extremely posi-
tive results across all themetrics, as can be observed in the rightmost
column of Fig. 4. One perspective is that self-formed groups can
be viewed as a gold standard, where students already know they
feel comfortable and productive when working with students they
choose.

We notice that students of underrepresented demographics were
more likely than majority students to request study groups. For
example we observe, in the second section of column C of Fig. 6,
that Black and Hispanic student proportions of requesting software-
matched study groups are higher than Asian student proportions.
Similarly, proportions of women and gender non-conforming / gen-
derqueer students requesting software-matched study groups are
higher than proportions of men, observable in the first three rows
of Fig. 6. Therefore, even though self-matched groups seem to have
more positive responses than software-matched groups, it is useful
to a large population of students, and especially traditionally un-
derrepresented students, to provide inclusive study group options.

3.1.3 Requesting reassignments. A small but sizeable proportion of
students requested reassignment to new groups at least once, with
27% of students requesting only one reassignment, 2% of students re-
questing two reassignments, and <.5% of students requesting three
reassignments. Using 2-sample proportion z tests, Hispanic students
(and White students) requested reassignments significantly more
often than non-Hispanic (non-White) students, respectively indicat-
ing that initial group matches did not work out as well for Hispanic
and White students. Asian students requested reassignment signifi-
cantly less often than non-Asian and non-White students. These
results support the decision to offer at least one reassignment along
the course of a course term, as otherwise there may be students,
occasionally disproportionately of underrepresented demographics,
left with lower-quality groups from the outset. We also note in Sec-
tion 3.3 that never requesting reassignments can be associated with
higher performance on exams. There may be different reasons for
this and we do not have any insight into possibly hidden variables,
so it is hard to establish any causality. However, we believe it is
important to have a quick turnaround for reassigning groups to
dissatisfied students.

3.2 Student impact within demographic groups
To evaluate if our systemworked well for students from underrepre-
sented groups, we compare student responses across demographic
groups — column A in Fig. 6 provides the count breakdown across
these demographic groups.

In general, students who identify as being from an underrepre-
sented racial or gender demographic did not demonstrate significant
differences in study group quality compared to majority demo-
graphic groups, with a few exceptions. We interpret this positively
— that with high confidence, the process of forming groups without
racial or gender singletons enables underrepresented groups to

have study group experiences on par with other groups, which was
a major goal for us. We did, however, notice some differences in
study group outcomes based on student year; there are likely many
reasons for this.

Wewere not able to control against courses forming study groups
through other methods, so we focus our analysis on normative
statements to be made about experiences in our pilot group. We
additionally do not draw any gender or race comparison conclusions
about students who preferred not to state their gender or racial
identity.

3.2.1 Group quality vs student gender. Using 2-sample proportion
z-tests, we found no significant difference between students in
the majority group (men) and those who identified as any other
gender (the yellow (men) and green (women) bars (representing
percentage positive responses for each question) are of similar
heights in Fig. 7, and not that different from the other two groups
either). Additionally, confidently more than half of all women and
men students in software-assigned groups responded positively to
4 of 5 group quality indicators, aligned with our general population
results (see plots 2-5 of group quality indicators in the student
gender section, in Fig. 7). One student identifying as gender non-
conforming / genderqueer (GNC) had positive group experiences in
all categories, and one other GNC-identifying student had negative
group experiences in all categories. Due to the very small count
of GNC-identifying students, we are not able to generalize these
results.

3.2.2 Group quality vs student race. Within differing racial sub-
groups, we find some slight differences in student group experiences.
All statistical significance tests for smaller subgroups (Hispanic,
Black, and Native American / Alaska Native / Native Hawaiian
students) were conducted using the Fisher exact test, and for larger
subgroups they were conducted using 2-sample proportion z-tests.
Most notably, no significant differences were found between all
students of majority racial groups (White or Asian) and all students
of underrepresented racial groups (non-White and non-Asian) — all
analyses below on individual racial subgroups support this finding.

Hispanic-identifying students did not have statistically sig-
nificant differences in their responses, indicating that final group
assignments were comparable in quality to other demographic sub-
groups. We also note that we can say with 95% confidence that the
majority of Hispanic students felt comfortable asking questions and
sharing ideas in their final groups. These findings can be observed
in the second row of Fig. 7, when qualitatively comparing the height
of the percentage bars of Hispanic students to other subgroup bars.

Students identifying as Black / African-American (AA) did
not show statistically significant differences in any study group
indicators, in comparison to non-Black/AA students. For the six
Black/AA students who participated in software-matched study
groups, there were very positive experiences across all indicators.
All six students felt comfortable asking questions, and five of six
felt comfortable sharing ideas in their groups (Fig. 7). The small
sample size limits our interpretations here, but this is promising.

Students identifying as Native American, Alaska Native,
or Native Hawaiian (referred to shorthand as Native American),
we observed four of the six students indicating positive responses
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Figure 7: Comparisons between students of differing demographics, in percentages (𝑦-axis) answering positively to key study
group quality questions, and counts (displayed on bars) answering positively to key study group quality questions. For student
race, students of mixed race were counted in each of the racial categories they indicated they identified with.

across all study group indicators, and five of the six feeling com-
fortable asking questions and sharing ideas in their groups (Fig. 7).
Again, due to small sample sizes, generalizing statements about
their experiences or comparisons to other groups cannot be made
with confidence.

White-identifying students had significantly less positive
study group experiences than non-White students in a few cate-
gories, namely: wanting to take courses with their study groups
less often, number of students who participated in their groups
(seen in the second section of Fig. 7).

Asian-identifying students had significantly more positive
study group experiences than non-Asian students (Fig. 7). However,
when performing tests of significant difference between Asian stu-
dents and all other non-White or non-Asian students, we found no
significant differences in study group quality. Similarly, we found no
significant differences in study group experiences between White
students and all other non-White and non-Asian students. This may
indicate that there are different social and cultural experiences in
study groups between two demographics that may be considered
majority groups in engineering classrooms at UC Berkeley, but

non-majority groups do not face disproportionately different study
group experiences in comparison to either.

3.2.3 Comparisons in group quality vs student year. When consid-
ering a student’s year in school at the time of the course, it became
clear there are extremely different study group outcomes depending
on a student’s year. In many ways, our group matching software
was geared towards first-year students, who are the least connected
socially.As such, it is promising to note that Freshman students
had overwhelmingly positive study group experiences, with signif-
icantly higher proportions of positive responses to all five study
group indicators in comparison to non-freshmen (Fig. 7).

Transfer students, however, had significantly less positive re-
sponses in the indicators of: group group interaction, group activity,
and comfort sharing ideas in their group (Fig. 7). This is an addi-
tional possible indicator that post-processing matching to ensure
non-singletons of certain groups may actually be quite important,
our software matcher in Fall 2020 did not fully ensure against stu-
dent year singletons2. Although we partition on student year to
ensure groups predominantly comprised of the same year, transfer

2Later iterations of our software allow this.
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students may need to be considered an underrepresented group in
themselves, and other as of yet unaddressed factors may impact
their study group success.

3.3 Association of high quality study groups
and student grades

Although there is clear self-contained benefits to having a high-
quality study group, we conducted analyses to verify whether indi-
cators of higher-quality study groupsmight independently correlate
with higher test scores. We find that feeling comfortable asking
questions and sharing ideas in a study group is a key indicator
of student success, and that study group environments which are
likely to encourage these feelings are also highly effective academic
supports.

At the classroom-level, all software-matched students demon-
strated significant associations between feeling comfortable sharing
ideas in their groups, and increases in both midterm and final exam
scores, as seen in the top section of Fig. 8. For example, in the "Final
score" column of the second row in Fig. 8, we observe that students
who felt comfortable asking questions averaged 72.22 on the final,
versus students who didn’t feel comfortable asking questions aver-
aging near 66.08, with a confidence of 98.9% of the first score being
higher. Similar results were seen around comfort sharing ideas, as
well as not requesting reassignments. All software-matched stu-
dents also demonstrated significant associations between feeling
comfortable sharing ideas in their groups, and increases in Midterm
2 (MT2) and Final scores.

These findings might be explained by the external factors of
a student’s academic proactiveness and general social comfort to
be associated with their better performance as a student, and we
cannot draw any firm conclusions. However, given many students
feel comfortable in groups and are not requesting reassignments, it
could also be inferred that groups afford them the socio-academic
support to exercise their academic proactiveness.

Specializing to freshmen, our largest but also one of our target
demographics, we find even larger gains on exam scores for those
who did not request reassignments. These results are especially
promising given that over 75% of freshmen never requested regroup
assignments.

Finally, we explored the impact of study groups on students in
different grade ranges. The most impact was seen in the B-range
students. Students with B-range MT1 scores (between 68 and 89
percent, based on the class grading scale) saw significantly higher
Final exam scores associated with high group interaction groups,
and with feeling comfortable asking questions in the group. Addi-
tionally, knowing that the general distribution of Final scores was
much lower than MT1 scores, students at the B range demonstrated
significantly lower decreases from MT1 to the Final associated with
several factors: frequently interacting groups, multiple group mem-
bers participating, and feeling comfortable asking questions in their
groups (Fig. 8). These results suggest that for students who entered
the class performing at a mid-level, being part of active and com-
fortable study groups benefited their grade. This range of grades
constitutes a significant portion of the student population.

We also considered students who received A, and C to below C-
level, grades on MT1, but found no significant associations between

their scores and group quality indicators. This may be because
students scoring at an A-level are well-prepared to succeed inde-
pendently, and students with C-level grades may have external
factors affecting performance and their ability to engage effectively
with groups.

However, our findings above differed significantly when consid-
ering transfer students — this demographic group had generally
lower exam performance in general. In addition, students desiring
to take courses with their group again, having higher group inter-
action in group, and having higher group member activity, tended
to be associated with having lower exam scores. It is difficult to rea-
son about this phenomenon, due to the large variability of transfer
student backgrounds and personal situations.

3.4 Student anecdotes
While we were unable to conduct systematic student interviews
to understand the student experience beyond the surveys, some
students voluntarily let us know about the impact the groups had on
them, through written feedback regarding study group experiences
after the end of the semester. Some notable anecdotes are below:
• Starting my freshman year of college virtually due to the pan-
demic made me feel really disconnected from the Berkeley com-
munity, but luckily being a part of a study group for EECS16A
in my first semester really changed that. As a woman and un-
derrepresented minority in STEM, my study group gave me the
support system necessary to succeed in an extremely rigorous and
minority-isolating major. This group was essential when it came
to having people to complete assignments, learn concepts, and
study for exams with, but it was also very helpful in me finding
life-long friends. Through my study group I met my first and
closest friends at Berkeley who would help me adjust to college in
an online world and who later became my supportive and caring
roommates in my sophomore year of college.

• As a new transfer student beginning remote learning at Berkeley,
my 16A study group had a massive impact on how I carried about
my studies. Not only did meeting up with other students remind
me how important team-work is within the field of engineering,
but it was also a constant reminder that it is OK to struggle on
problems before arriving at solutions. Our group worked really
well together because we had shared experiences. 5/6 of us are
transfer students, so we understand each other’s strengths and
weaknesses when learning new material. Some of my few, closest
friends at Berkeley are my EECS16A/16B study group peers.

Independent of any grade or learning improvements, just making
even a few students have better and happier college experiences
through study groups is valuable.We hope that at scale this can have
a massive impact, which may or may not be measurable through
numerical data.

4 CONCLUSION & FUTUREWORK
The results presented in this paper stem from the Fall 2020 offering
of EECS 16A at UC Berkeley. Since then, our research group has
executed the matching process in numerous courses totalling over
3,000 students throughout the Spring 2021, Summer 2021, Fall 2021,
and Spring 2022 semesters, and have had positive results based
on preliminary looks at the data. A detailed analysis is yet to be
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Student group Indicated positive response to question
/ did not indicate positive response

MT1 Score
(Max 50)

MT2 Score
(Max 50)

Final Score
(Max 100) Misc. diff

All software-matched
students

Did not request reassignment
/ did request reassignment 1-3 times

40.27 / 37.71
( p=0.003)

38.72 / 36.42
(p=0.025)

72.01 / 67.35
(p=0.046) -

Felt comfortable asking questions
/ did not - 38.68 / 36.22

(p=0.022)
72.22 / 66.08
(p=0.011) -

Felt comfortable sharing ideas
/ did not

40.04 / 37.60
(p=0.011)

38.81 / 35.27
(p=0.002)

71.96 / 65.86
(p=0.046) -

Freshmen Did not request reassignment
/ did request reassignment 1-3 times

41.40 / 37.60
(p=0.0006)

40.44 / 37.17
(p=0.007)

74.56 / 68.55
(p=0.046) -

Felt comfortable sharing ideas
/ did not

40.96 / 37.41
(p=0.009) - - -

Transfer Would take future courses with group
/ would not - 32.00 / 39.57

(p=0.001)
61.02 / 73.71
(p=0.012)

MT1-MT2:
-0.075 / 0.012
(p=0.018)

Any group interaction
/ no interactions with group

34.96 / 39.43
(p=0.013)

32.45 / 38.98
(p=0.005

61.65 / 72.81
(p=0.030)

Some to most members participated
/ no members participated

35.64 / 39.31
(p=0.024)

33.08 / 39.16
(p=0.009) - -

Students receiving a
B-, B, B+ on MT1

Any group interaction
/ no interactions with group - - 72.71 / 65.78

(p=0.008)

MT1-Final:
-0.075 / -0.14
(p=0.003)

Some to most members participated
/ no members participated - - - -0.084 / -0.130

(p=0.047)
Felt comfortable asking questions
/ did not - 38.99 / 36.53

(p=0.044)
72.18 / 63.91
(p=0.004)

-0.082 / -0.154
(p=0.004)

Figure 8: Student’s t-tests on difference in sample means, between exam grades within demographic groups, split on posi-
tive/negative responses to group experience indicators in the group survey. Only cells with significant differences in sample
means are highlighted, with p-values provided. The Miscellaneous Differences column contains percentage-score changes for a
student group, either from Midterm 1 to the Final, or from Midterm 2 to the Final, as indicated. Final scores were overall lower
than midterm scores, so lower decreases in percent scores are interpreted as positive results.

conducted. Despite Fall 2021 and later semesters being in-person, we
have found that study group formation continues to be in demand
and well-used by courses. Student feedback has iteratively refined
our process, and are experimenting with machine learning and
reinforcement learning techniques to improve groups. We hope to
soon release an open-source web-based privacy preserving version
of our improved algorithm soon.
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